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Abstract

Supply chain disruptions and demand disruptions make it challenging for hospital pharmacy managers to determine how
much inventory to have on-hand. Having insufficient inventory leads to drug shortages, while having excess inventory leads
to drug waste. To mitigate drug shortages and waste, hospital pharmacy managers can implement inventory policies that
account for supply chain disruptions and adapt these inventory policies over time to respond to demand disruptions. Demand
disruptions were prevalent during the Covid-19 pandemic. However, it remains unclear how a drug’s shortage-waste weighting
(i.e., concern for shortages versus concern for waste) as well as the duration of and time between supply chain disruptions
influence the benefits (or detriments) of adapting to demand disruptions. We develop an adaptive inventory system (i.e.,
inventory policies change over time) and conduct an extensive numerical analysis using real-world demand data from the
University of Michigan’s Central Pharmacy to address this research question. For a fixed mean duration of and mean time
between supply chain disruptions, we find a drug’s shortage-waste weighting dictates the magnitude of the benefits (or
detriments) of adaptive inventory policies. We create a ranking procedure that provides a way of discerning which drugs are
of most concern and illustrates which policies to update given that a limited number of inventory policies can be updated.
When applying our framework to over 300 drugs, we find a decision-maker needs to update a very small proportion of drugs
(e.g.,< 5%) at any point in time to get the greatest benefits of adaptive inventory policies.

Keywords Inventory management - Supply chain management - Simulation - Pharmaceutical drugs - Healthcare - Operations
research - Operations management

Highlights e Decision-maker needs to update a very small proportion
of medications (e.g., < 5%) to get the greatest benefits
e Adaptive inventory system that captures perishability, of adaptive inventory policies

supply chain disruptions, and demand disruptions

e Ranking procedure to discern which medications are of
most concern and illustrates which medications to adapt
given that a limited number of inventory policies can be
updated

e For a fixed mean duration of and mean time between
supply chain disruptions, a medication’s shortage-waste
weighting dictates the magnitude of the benefits (or detri-
ments) of adaptive inventory policies

e For a fixed shortage-waste weighting and long-run prob-
ability that the supply chain is disrupted, if adaptive
inventory policies are beneficial, the benefits generally
decrease as the supply chain disruption duration increases

1 Introduction

Hospital pharmacy managers are responsible for determin-
ing how much inventory to have on-hand and when to place
orders. Key aspects that need consideration when making
these inventory decisions are supply chain disruptions and
demand disruptions. A supply chain disruption is a random
amount of time such that the hospital pharmacy is unable to
receive a particular medication [1]. There are many possible
causes of supply chain disruptions in a hospital pharmacy
inventory system (e.g., manufacturing issues, quality issues,
raw materials, natural disasters [2—4]). The resiliency of phar-
Extended author information available on the last page of the article maceutical supply chains is an active area of concern [5].
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Insufficient inventory during these supply chain disruptions
leads to drug shortages which can increase costs, increase
medication errors, and decrease the quality of care [2, 6,
7]. Shortages in a food inventory system may cause you
to change your recipe and shortages in a concert inventory
system may cause you to miss your favorite band. How-
ever, drug shortages in a hospital pharmacy inventory system
can cause significant drawbacks such as patients experienc-
ing denied/delayed care (e.g., cancelled surgeries) or being
provided with sub-optimal treatment (e.g., substitute med-
ications with less efficacy or more side effects). A simple
solution is stocking more inventory than is needed, but hold-
ing too much inventory leads to waste as medications have
a finite shelf life. For clarity, throughout this research, we
use the term “medication” to refer to a particular pharma-
ceutical medication/SKU (e.g., Labetalol). We use the term
“drug” to describe the drug doses for a particular medication
of interest (e.g., drug shortages [for a particular medication],
drug waste [for a particular medication], holding cost per
day per drug, proportion of drug shortages, proportion of
drugs wasted).

Balancing the drug shortage versus drug waste trade-off
is further complicated by demand disruptions. Demand dis-
ruptions occur when the demand mean is different from
“normal/baseline” (i.e., it increases or decreases) for a ran-
dom or extended amount of time. Demand disruptions were
prevalent during the Covid-19 pandemic (e.g., surges in
demand to treat Covid-19 patients and declines in demand
for other medications due to the cancellation of elective surg-
eries). Failing to adapt to disruptions that increase or decrease
demand often leads to drug shortages and drug waste, respec-
tively. However, medications differ in their shortage-waste
weighting (i.e., concern for shortages versus concern for
waste) and supply chain disruption profile (i.e., duration of
supply chain disruptions and time between supply chain dis-
ruptions). The duration of a supply chain disruption refers to
the time between when the supply chain disruption begins
and the time that the supply chain disruption ends. The time
between supply chain disruptions refers to the time between
when one supply chain disruption ends and the time that
a new supply chain disruption begins. We are interested in
studying how these differences influence the benefits (or
detriments) of adapting to demand disruptions.

A medication’s shortage-waste weighting defines the
shortage concern versus waste concern for a particular
medication of interest. Defining a medication’s shortage-
waste weighting helps to capture the trade-off between
drug shortages and drug waste. With the varying medica-
tion shortage-waste weightings and supply chain disruption
profiles, simulation modeling is a viable method to assess
the performance of the inventory system given different
inventory policies, such as adaptive inventory policies (i.e.,
inventory policies change over time), are in place.
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To analyze the performance of adaptive inventory poli-
cies, we recognize that hospital pharmacy managers decide
how frequently to place orders and how much inventory to
have on-hand. To this end, we develop an adaptive lost-sales
(R, S) periodic review inventory system where R denotes
the length of the review period (i.e., attempt to place an
order every R days) and S denotes the order-up-to level (i.e.,
attempt to place an order up to S every R days). By lost-sales,
we imply that if a patient needs a medication that has zero
inventory on-hand, the demand for that specific medication
is lost and consequently, a shortage cost is incurred. In a
hospital pharmacy setting, this patient who needs a medica-
tion that has zero inventory on-hand may receive a substitute
medication or have delayed/cancelled treatment. By adap-
tive, we imply that the (R, S) inventory policy changes over
time to reflect the shifts in the demand mean. We design
the adaptive inventory system such that it (1) solves for the
(R, S) inventory policy in a hospital pharmacy with supply
chain disruptions, (2) endogenously detects when the inven-
tory policy needs to be updated due to a demand disruption,
and (3) appropriately updates the (R, §) inventory policy.
Contracts, logistics, and resources can make it challenging
to update the (R, §) inventory policy very frequently. We use
the medication’s shortage-waste weighting, the change in the
expected proportion of drug shortages per day, and the change
in the expected proportion of drugs wasted per day to sup-
port when the (R, S) inventory policy needs to be updated.
Furthermore, we recognize that hospital pharmacy managers
are often responsible for thousands of different medications.
To provide quick solution times and easy implementation,
we create an adaptive inventory system that consists solely
of closed-form expressions. Closed-form expressions pro-
vide quick solution times and easy implementation because
the output (e.g., optimal inventory policy, proportion of drug
shortages per day, proportion of drugs wasted per day) can
be expressed/calculated as a function of input parameters.
Although, hospital pharmacy managers may only be able to
adapt a limited number of (R, S) inventory policies at any
given time. To give these managers a sense of which medi-
cations are of most concern, we use the adaptive inventory
system and provide a procedure to rank medications based
on multiple characteristics of a medication (e.g., expiration
lifetime, shortage concern, waste concern, demand for the
medication).

This research makes the following contributions:

1. We create an adaptive (R, S) periodic review inventory
system that accounts for perishability, supply chain dis-
ruptions, and demand disruptions. All expressions are
presented in closed-form providing quick solution times
and easy implementation which is critical in a hospital
pharmacy where managers are often responsible for thou-
sands of different medications.
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2. The adaptive inventory system relies on the expected pro-
portion of drugs wasted per day in a (R, S) periodic
review perishable inventory system with supply chain
disruptions and stochastic demand. To the best of our
knowledge, we are the first to present this value in closed-
form.

3. We use the adaptive inventory system to create a rank-
ing procedure. The ranking procedure provides a way of
discerning which medications are of most concern and
illustrates which policies to update given that a limited
number of inventory policies can be updated.

4. We leverage simulation modeling and perform an exten-
sive numerical analysis using real-world demand data
from the University of Michigan’s Central Pharmacy to
distinguish how a medication’s shortage-waste weighting
and supply chain disruption profile influence the benefits
(or detriments) of adapting to demand disruptions.

The remainder of the paper is organized as follows:
Section 2 provides literature relevant to this research.
Section 3 presents the adaptive inventory system and the
ranking procedure. Section 4 presents the simulation mod-
els of the multiple inventory systems we consider in this
research. In Section 5, we conduct a numerical analysis using
real-world demand data from the University of Michigan’s
Central Pharmacy. Section 6 closes the paper and provides
future research directions.

2 Literature review

Disruptions in a supply chain, whether from demand, sup-
ply, or transportation, are not a new problem. Paul et al. [8],
Snyder et al. [1], Shen and Li [9], and Ivanov et al. [10] pro-
vide insightful review articles on the topic. To demonstrate
how this research expands upon past research, we organize
the relevant literature into two areas: inventory models with-
out disruptions and inventory models with disruptions. We
close this section by using past literature to motivate adaptive
inventory policies in a hospital pharmacy setting.

In Table 1, we present (a) inventory models without dis-
ruptions, (b) inventory models with disruptions, and (c) this
research. For each paper, we characterize the research by per-
ishability (NP: non-perishable, P: perishable), demand (D:
deterministic, S: stochastic, DD: demand disruptions), sup-
ply (SSC: stochastic supply capacity, SLT: stochastic lead
time, SCD: supply chain disruptions), adaptive (i.e., inven-
tory policy/control parameters change over time or research
uses thresholds to incorporate dynamic decision-making),
and methodology. We note that if the authors consider a per-
ishable inventory system (e.g., hospital pharmacy), but the

authors do not capture perishability in their model (i.e., the
authors do not capture the finite lifetime of the product), we
label the paper as NP (i.e., non-perishable).

In comparison to the literature, we would like to motivate
adaptive inventory policies and the importance of assess-
ing the performance of the inventory policies for a hospital
pharmacy inventory system. From a hospital pharmacy per-
spective, Ivanov etal. [27] creates a simulation model to study
a multi-echelon pharmaceutical supply chain faced with sup-
ply chain disruptions. The findings from [27] suggest that
adaptive inventory policies (i.e., inventory policies change
over time) may help decrease drug shortages and costs for an
inventory system with supply chain disruptions. The author
suggests adaptive inventory policies for future research. It is
worth noting that demand disruptions are not taken into con-
sideration in this earlier research. It is also worth noting that
we incorporate supply chain disruptions when solving for the
optimal inventory policy and we adapt the inventory policy
over time to account for demand disruptions to overcome
drug shortages and drug waste.

From a disruption perspective, Snyder et al. [1] discuss
the need for integrating proactive (i.e., guard against future
uncertainties) and reactive (i.e., implemented when unex-
pected events occur) strategies when overcoming disruptions
[10]. In this paper, we account for supply chain disrup-
tions when solving for the optimal (R*, S$*) inventory policy
[proactive] as well as endogenously detect demand disrup-
tions and update the (R*, S*) inventory policy [reactive] to
tackle the drug shortage and drug waste challenges in a hos-
pital pharmacy inventory system. Furthermore, by detecting
demand disruptions and appropriately updating the (R*, §*)
inventory policy, we are able to adapt to changing conditions
and consequently, improve the viability of the inventory sys-
tem [36].

Also, we leverage simulation modeling because it is a
viable method to assess the performance of an inventory
system given different inventory policies, such as adaptive
inventory policies (i.e., inventory policies change over time),
are in place. It is also worth noting that we are analyzing the
performance of an inventory system with many complexities
(e.g., perishable (R, §) inventory policy, supply chain disrup-
tions, real-world demand data, adaptive inventory policies)
and simulation modeling has the flexibility to capture all of
these complexities. When considering the performance of an
inventory system, we consider varying medication shortage-
waste weightings (i.e., concern for shortages versus concern
for waste) and supply chain disruption profiles (i.e., dura-
tion of and time between supply chain disruptions). Gebicki
et al. [37] encourages the use of the criticality of the medi-
cation (i.e., concern for shortages defined by a medication’s
shortage-waste weighting in this research) and availability
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Table 1 Summary of relevant literature

Paper NP/P Demand Supply Adaptive Methodology

(a) Inventory models without disruptions

Zhang et al. [11] NP D Simulation-optimization

Little and Coughlan [12] NP S Constraint program

Neve and Schmidt [13] NP S Cost/service level optimization
Peterson et al. [14] NP S v Heuristics for dynamic program
Kim et al. [15] NP S v Reinforcement learning

Eilon and Elmaleh [16] NP S SLT v Forecasting procedure

Dillon et al [17] P S Stochastic program

Kara and Dogan [18] P S Reinforcement learning
Rajendran and Srinivas [19] P S Stochastic program

Syawal and Alfares [20] P S Simulation-optimization

Xu and Szmerekovsky [21] P S Stochastic program

Lietal. [22] P S v Dynamic program

Liet al. [23] P D SLT Nonlinear program and closed-form
Franco and Alfonso-Lizarazo [24] P S SLT Stochastic program

Nguyen and Chen [25] P S SSC Stochastic program

Nguyen and Chen [26] P S SSC Stochastic program

(b) Inventory models with disruptions

Azghandi [27] NP S SCD Simulation model

Schmitt et al. [28] NP S SCD v Simulation model

Atan and Rousseau [29] P D SCD Closed-form

Czerniak et al. [30] P D SCD Closed-form

Saedi et al. [31] P S SCD Continuous time Markov chain
Czerniak et al. [32] P S SCD Simulation-optimization

He and Wang [33] P DD Analytical model

Rana et al. [34] P DD Analytical model
Uthayakumar and Karuppasamy [35] P DD Economic order quantity model
(c¢) This research

Czerniak et al. (2024) P DD SCD v Closed-form framework

NP: non-perishable, P: perishable, other abbreviations defined in Section 2

of the medication (i.e., supply chain disruption profile in this
research) in inventory decision-making to improve the out-
comes of a hospital pharmacy. But, they do not study adaptive
inventory policies.

3 Adaptive (R, S) inventory system

We proceed to present the adaptive (R, §) inventory system.
We start by presenting how to solve for a (R, S) inventory
policy for a perishable inventory system with supply chain
disruptions (in Section 3.1) and how to adapt this (R, S)
inventory policy over time to respond to demand disruptions
(in Section 3.2). We close this section by presenting a ranking
procedure (in Section 3.3) which provides a way of discern-
ing which medications are of most concern and illustrates

@ Springer

which inventory policies to update given that a limited num-
ber of inventory policies can be updated.

3.1 (R, S) inventory policies with supply chain
disruptions

We start by modeling a lost-sales (R, S) perishable inventory
system with supply chain disruptions as done in Czerniak
et al. [30]. Here, R represents the length of the review period
(i.e., attempt to place an order every R days) and S represents
the order-up-to level (i.e., attempt to place an order to raise
the inventory position up to the order-up-to level S every R
days). The closed-form expressions derived in Czerniak et al.
[30] provide quick-to-solve and easy-to-implement (R, S)
periodic review inventory policies. We simply refer to this
model as the (R, S) model. In Table 2, we present the notation
for the (R, S) model. Then, we proceed to present a summary
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Table 2 Summary of the modeling notation for the (R, §) model [30]

Notation Description

Input parameters

k Fixed ordering cost (i.e., for each order attempted; k > 0)

h Holding cost per day per drug (7 > 0)

q Deterministic demand per day (¢ > 0)

e Expiration lifetime in days (e > 1)

y Maximum proportion of drug shortages per day over the infinite horizon (0 < y < 1)

a® Supply chain disruption probability with respect to the length of the review period R (0 < «® < 1)
A Supply chain recovery probability with respect to the length of the review period R (0 < BB < 1)
Variables

R Length of the review period (R > 1)

N Order-up-to level (S > 0)

m Number of review periods S fully covers (m = LQ%JQ m>1)

of the model assumptions. We also describe the structure of
the model and provide support for the assumptions made.

Summary of Modeling Assumptions for the (R, S) Model

Deterministic expiration lifetime e

Deterministic and static daily demand g

Zero lead time

Orders can only be attempted at times that are integer

multiples of R

e Orders are only successfully placed when the supply
chain is not disrupted

e Always have full and accurate knowledge of the inventory
on-hand

e Supply chain disruptions modeled as a two-state discrete
time Markov chain

e Medications have no quality decay

e Expiration lifetime e starts when the medication arrives
at the pharmacy

e First-in-first-out protocols in place

Model Structure and Support for the Assumptions Made for
the (R, S) Model

The (R, S) model minimizes the expected ordering and
holding cost, while constraining the proportion of drug short-
ages per day to be at most y over an infinite horizon. Through
discussions with our hospital pharmacy collaborators, an
ordering cost is necessary to capture the work associated with
placing/receiving an order. Furthermore, if an ordering cost
is not included, the model would set the length of the review
period R to R = 1 for every medication in the hospital phar-
macy inventory system (i.e., an order would be attempted for
every medication every day). In Section 5.3, we describe how
we estimate the ordering cost and holding cost input param-
eters. The constraint on the proportion of drug shortages per

day is tight with the optimal (R*, S*) inventory policy (i.e.,
the proportion of drug shortages per day is y over an infinite
horizon). The model also enforces zero waste in the inven-
tory system by always ensuring S* < eq where e is the
deterministic expiration lifetime in days and ¢ is the deter-
ministic daily demand. With this upper bound on S*, there
may be instances where the maximum proportion of drug
shortages constraint cannot be satisfied. When the maximum
proportion of drug shortages constraint cannot be satisfied,
the optimal inventory policy is always (R* = 1, §* = eq)
(i.e., the smallest R* and the largest S*) as this maximizes
the expected inventory on-hand.

The (R, §) model assumes that the lead time is zero which
is consistent with hospital pharmacies that tend to see very
small lead times. The Central Pharmacy at the University of
Michigan experiences lead times of 36-72 hours. Also, the
model assumes orders can only be attempted at times that are
integer multiples of R (regardless of the not disrupted versus
disrupted status of the supply chain between review peri-
ods) and that orders are only successfully placed when the
supply chain is not disrupted. This assumption implies that
urgent orders (i.e., orders placed before the reordering period
due to the hospital pharmacy exhausting all inventory) can-
not be placed. However, we note that since the (R, S) model
ensures that S covers at least one review period (i.e., m > 1;
see Table 2), a hospital pharmacy would only exhaust all
inventory before the reordering period if a supply chain dis-
ruption occurred. Given the lead time and integer multiples
of R assumption, we can simply refer to inventory position as
inventory on-hand. When applying the (R, ) model in this
research, we assume that we have full and accurate knowl-
edge of the inventory on-hand. Furthermore, we note that
supply chain disruptions often last weeks, months, or years
[3] which is much longer than the typical time between orders
(i.e., R).

@ Springer
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The (R, S) model assumes that supply chain disruptions
follow a two-state supply process which is consistent with
pharmaceutical supply chains [38, 39] (see figure illustrating
the days to recovery after intervention); [40] (supply chain
disruptions when time is modeled as continuous). A two-
state supply process is modeled as a two-state discrete time
Markov chain where the time the supply chain is in the not
disrupted state is a geometric random variable with parameter
oD (i.e., disruption probability; mean up time of ﬁ) and the
time the supply chain is in the disrupted state is a geometric
random variable with parameter (1) (i.e., recovery probabil-
ity; mean down time of ﬁ) [1]. A two-state supply process
accounts for the duration of and time between supply chain
disruptions. For perishability, the (R, S) model assumes that
the medication has no quality decay [41] and has a determin-
istic lifetime that starts when the medication arrives at the
pharmacy. Through discussions with our hospital pharmacy
collaborators, we make this assumption because medications
almost always arrive to the hospital pharmacy with at least
two-thirds of their expiration lifetime remaining (e.g., when
e = 90 days, a medication arrives to the pharmacy with an
expiration lifetime of at least 60 days). Assuming that the
remaining lifetime of the medication when it arrives to the
pharmacy is stochastic leads to a more complicated analy-
sis, but this analysis can be considered in future research.
Also, the model assumes first-in-first-out protocols are in
place which is consistent with practice at the University of
Michigan’s Central Pharmacy. For demand, the (R, S) model
assumes that the daily demand, ¢ > 0, is deterministic and
static. For emphasis, our hospital pharmacy setting of interest
does not have deterministic or static demand. In Section 3.2,
we discuss how to use the (R, §) model in the adaptive frame-
work to account for the real-world hospital pharmacy system
that has stochastic and variable demand. We refer the reader
to Appendix A.l for a summary of the (R, S) model and
implementation details.

3.1.1 Supply chain disruption parameters in the (R, S)
model

In the (R, S) model, «® and B® represent the supply chain
disruption and recovery probability, respectively, for areview
period of length R days. An important observation is that
these values depend on the length of the review period R
(i.e., a decision variable). Czerniak et al. [30] illustrate how
to use the closed-form expressions to solve for the optimal
(R*, §*) with only " and BV as input by leveraging P
which is the i-step transition probability matrix (see Eq. 1;
[42]).

. . a® (1—a®y o
0= ()= (50 0 ) O
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In practice, we can find the values of a and ,3(1) by
answering the following questions:

1. What proportion of the time is the medication short?
Define this value as Q1 (Q1 € (0, 1); 0 implies never
short and 1 implies always short).

2. If the medication goes short, how long do you think
the shortage will last (in days)? Define this value as Q>
(Q2 > 1).

With Q> > % (due to the (R, S) model requirement

of a® < o < 1; see Table 2) and Q7 > 1 (due to the
(R, S) model requirement of ,B(R) < ,8(1) < 1; see Table 2),
we can solve for o) and BV using the relation that Q1 =
#Igm and 0 = ﬁ Here, Q1 corresponds to the long-
run probability that the supply chain is disrupted [43]. Using
these equations, we have the results presented in Eqs. 2-3.

a(]) _ Ql

= 2
0>(1 - Q1) @

1
m_ 1 3
B 0 (3)

Through discussions with our hospital pharmacy collabo-
rators, the value of Q5 is very difficult to quantify in practice,
but it is an important parameter as it defines ‘! and 8V in
Egs. 2 and 3, respectively. With this, the expression for the
ratio of the expected proportion of drug shortages per day
given a value Q> and the true value Q3 is provided in Czer-
niak [44].

3.2 Adapting the (R, S) inventory policy over time

We want to emphasize that in practice, contracts, logis-
tics, and resources can make it challenging to update
the (R, S) inventory policy very frequently (e.g., every
day/week/month). A more common approach is updating the
inventory policy when a problem arises (e.g., stockout; from
discussions with our hospital pharmacy collaborators), and
an easy approach is updating the inventory policy on fixed
intervals like every 3 or 6 months (i.e., update every B days
where B € {90, 180}) where the average demand from the
past B days is used to update the (R, S) inventory policy. We
refer to this fixed interval approach as a benchmark inven-
tory system. Unlike the benchmark inventory system that
updates the inventory policy on long fixed intervals, we cre-
ate an adaptive inventory system that endogenously detects
when the (R, S) inventory policy needs to be updated at any
point in time. We endogenously detect a change in the inven-
tory policy is needed using a shortage threshold §; and waste
threshold 6,,. These thresholds represent the change in the
proportion of drug shortages per day and drugs wasted per
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day, respectively, that the inventory system is willing to tol-
erate. Specifically, these thresholds guard against shortages
when an increasing demand disruption and waste when a
decreasing demand disruption occur, respectively. The short-
age threshold §; and waste threshold §,, are selected by a
hospital pharmacy manager/administrator and in Section 5.2,
we provide guidance and examples for the selection of these
input parameters. When considering demand, as mentioned
in Section 3.1, the (R, S) model assumes that demand is
deterministic and static. However, our hospital pharmacy
system of interest has stochastic and variable demand. For
the deterministic aspect of the (R, S) model, we replace
the deterministic daily demand (g) with the expected daily
demand (Gcyrrent) When solving for the (R, S) inventory pol-
icy; the term current implies that this expected daily demand
defines the current (R, S) inventory policy. For the static
aspect of the (R, S) model, we update this (R, S) inventory
policy using a new expected daily demand (g,¢,,) When we
endogenously detect a demand disruption.

We define the additional notation necessary for the adap-
tive inventory system in Table 3. We also present a depiction
of how the adaptive demand parameters and estimates relate
to one another in Fig. 1. We then proceed to define the
expected proportion of drug shortages and drugs wasted per
day for the (R, S) inventory system. We also explain how to
endogenously detect when the inventory policy needs to be
updated.

3.2.1 Expected proportion of drug shortages and drugs
wasted per day

We proceed to present the closed-form expressions for the
expected proportion of drug shortages per day and drugs
wasted per day for a particular medication of interest. We
use the closed-form expressions for these two proportions
to detect when an inventory policy needs to be updated (see
Section 3.2.2). To provide closed-form expressions for these
two proportions, we assume that the daily demand is nor-
mally distributed. We consider the real-world unique training
daily demand observations for the six 503B medications ana-
lyzed in the medication case study (see Section 5.4) when
making this normality assumption. For each medication, the
unique training daily demand observations consist of 56 daily
demand observations when demand is not disrupted (see
Section 5.1 for more details). For each medication, we con-
sider the quantile-quantile plots (i.e., QQ-plots) and the
Shapiro-Wilk test. We note that when applying the Shapiro-
Wilk test (with a significance level 0.05) to the unique
training daily demand observations for each medication, the
real-world daily demand observations do not follow a normal

distribution. However, we do not observe serious devia-
tions from the normality assumption in the QQ-plots. Taking
into account that the Shapiro-Wilk test is sensitive to even
mild deviations from the normal distribution, we make the
assumption that the daily demand is normally distributed. It is
also worth noting that when there are concerns that the daily
demand severely deviates from normality, transformations
such as the Box-Cox transformation can be considered. For
emphasis, we only use the normally distributed daily demand
assumption for the derivation of the closed-form expressions.
We use the real-world observed demand provided by the Uni-
versity of Michigan’s Central Pharmacy throughout the other
portions of the analysis.

Expected Proportion of Drug Shortages Per Day

Using the (R, S) model (see Section 3.1), Eq. 4 repre-
sents the expected proportion of drug shortages per day for
a particular medication of interest when following a (R, §)
inventory policy for an inventory system that has an expected
daily demand of g (in Appendix B.1). Proportion is mea-
sured relative to the expected daily demand g. From Eq. 4,
the expected proportion of drug shortages per day depends
on the length of the review period (R), the order-up-to level
(S), the expected daily demand (g ), the disruption probability
(@®), and the recovery probability (8®)). It is worth not-
ing that the (R, §) policy is calculated using gcyyrenr Which
ensures thatm = Lqmi - RJ > 1. However, with an expected
daily demand of g, the m > 1 requirement may no longer
be satisfied which explains the two cases presented in Eq. 4.
Furthermore, Czerniak et al. [30] illustrate that stochastic
demand that is normally distributed has a negligible impact
on the expected proportion of drug shortages per day with the
(R, S) model. The reason for this finding is that the (R, S)
model incorporates supply chain disruptions which encour-
age the inventory system to hold extra inventory on-hand. As
a result, there is a negligible impact on the expected propor-
tion of drug shortages per day when demand is stochastic.
Hence, we simply consider a deterministic expected daily
demand g.

Pshort|(3,R,S) = 4)

« (B g (] _ Ry ym—1 s «® (1—gRym \
@R 18 (m+1— q_R) ( (a(R)_Hg(R))_)’

whenm > 1, m = L(%RJ

(R) SR (R)
W("?—RS) +(1- auefw)i

whenm < 1,m = Lq_iRJ
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Table 3 Summary of the

- . Notation
modeling notation for the

Description

adaptive inventory system Thresholds

2

8w

Adaptive
N

qi
QCurrent
‘;HEUJ
Onew

Pshort|q,R.S)

Pwa.ste\((],a,R,S)

Benchmark
B

Change in the proportion of drug shortages per day
that signals a change in the (R, S) inventory policy
when exceeded (0 < §; < 1; input parameter)

Change in the proportion of drugs wasted per day that
signals a change in the (R, S) inventory policy when
exceeded (0 < §,, < 1; input parameter)

Number of past daily demand observations to con-
sider for the adaptive inventory system daily demand
estimates (input parameter)

Daily demand observed on day ¢ (real-world hospital
pharmacy data)

Expected daily demand used for the current (R, S)
policy

Expected daily demand calculated using the average
of the most recent N daily demand observations

Standard deviation of daily demand calculated using
the most recent N daily demand observations

Expected proportion of drug shortages per day when
following a (R, S) inventory policy for an inventory
system that has an expected daily demand of g

Expected proportion of drugs wasted per day when
following a (R, S) inventory policy for an inventory
system that has an expected daily demand of g and
standard deviation of daily demand o

Number of days the inventory system follows the same
(R, S) inventory policy where the average of the last
B days is used to update the inventory policy (input
parameter)

On day i, system is following (R, S) policy defined with G y;rent

Daily demand used to estimate
2 Gnew and Oy,
= f . \
k! P
é ® [ ] [ ] ° °
15} L] ° ()
a . °
>
= /
A . Day i

N

® Observed demand

o Future demand

Day in Planning Horizon (t)
Fig. 1 Depiction of the adaptive demand parameters and estimates.

Gnew and oy, are calculated at the end of day i after demand has been
observed. If a demand disruption is endogenously detected at the end of
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day i, the new expected daily demand gy, is used to update the (R, )
inventory policy since the future demand has not yet been observed
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)

Pyaste|(G,0,R,S) =

of Geurrent- In the presence of increasing and/or decreasing
demand disruptions, we may need to update the inventory

Ey.
B 1g1=1
E R
1pn = o ('S 2
(’—f]Rq+E111)”0+ Z ﬂj(S+Rf1( 2 )
i=lg1-1
Ey . £7 >
(%-‘_2 [%]_2 (%-‘_2 R %]_2 0 T41-1) ’ [_R—| - 3
TRIRG+EN o+ X mj—re5 X Jmj)+res Jmit e Prit Y mi(S+RG(—E—)
Jj=1 R' j=1 R' j=1 R' j=1 j:(%wfl
S—ej policy to avoid excessive drug shortages and/or drug waste.
where E,) = <S -Pr(Z < ﬁ) —eq The key idea is that we consider how a shift in the expected
eo

1 _ (S—eq)? _(=eq)?
- 2—( —e 202 4 e 202 ) eo?
T

Expected Proportion of Drugs Wasted Per Day

Equation 5 represents the expected proportion of drugs
wasted per day for a particular medication of interest when
following a (R, S) inventory policy for an inventory system
that has an expected daily demand of g and standard devi-
ation of daily demand o (in Appendix B.2). Proportion is
measured relative to the expected number of drugs ordered.
To our knowledge, we are the first to present this value in
closed-form. The expected proportion of drugs wasted per
day in Eq. 5 depends on the length of the review period
(R), the order-up-to level (S), the expected daily demand
(), the standard deviation of daily demand (o), the disrup-
tion probability (e« ®; in 7r;), the recovery probability (8F;
in 7;), and the expiration lifetime (e). Z denotes a stan-
dard normal random variable and Appendix B.2 provides
the closed-form expressions for the summations including

mj. mj is the probability that the supply chain is disrupted
. . . (R)
for exactly j consecutive review periods (my = (I(R’)iw;

R R .

s (L= BR), j = 1). Equation 5
accounts for stochastic demand where we assume that the
daily demand is independent and normally distributed with
mean ¢ and standard deviation o. Past research illustrates
that the expected proportion of drugs wasted with the (R, S)
model is sensitive to stochastic demand that is normally
distributed, especially for medications with short expiration

lifetimes.

Tjp =

3.2.2 Detecting when the inventory policy needs
to be updated

On any day ¢, we follow a particular (R, S) inventory policy
which is defined with respect to an expected daily demand

daily demand impacts the expected proportion of drug short-
ages per day and expected proportion of drugs wasted per
day. For the shift in the expected daily demand, we estimate
the new expected daily demand g,.,, by averaging the most
recent N daily demand observations and we compare this
tO Geurrents the expected daily demand used to define the
current (R, S) inventory policy. We detect a change in the
inventory policy is necessary if (a) Gnew > Geurrenr and the
shift in the expected daily demand causes the change in the
expected proportion of drug shortages per day to exceed §
or (b) Gnew < Gcurrent and the shift in the expected daily
demand causes the change in the expected proportion of
drugs wasted per day to exceed §,. If (a) or (b) holds, we
update the (R, S) inventory policy using the new expected
daily demand g,y - It is worth noting that if g,ew < Geurrents
the estimated standard deviation of demand (i.e., 0,¢y,) Will
influence the expected proportion of drugs wasted per day as
illustrated in Eq. 5. We illustrate an overview of the procedure
in Fig. 2.

We proceed to describe the daily demand estimates and
expected proportions needed for the adaptive inventory sys-
tem. We then formally define the conditions that detect when
the inventory policy needs to be updated.

Daily Demand Estimates and Expected Proportions

We estimate the expected daily demand g,y by averag-
ing the most recent N daily demand observations. We initially
considered other prediction approaches (e.g., ARIMA), but
we found that a simple average approach performed just
as well or better when considering the expected propor-
tion of drug shortages per day and expected proportion
of drugs wasted per day. We hypothesize that an averag-
ing approach performs well due to the variable and noisy
real-world daily demand data. We also found that know-
ing everything about the future (i.e., knowing the future N
daily demand observations exactly) had a small or negligible
impact on the performance. For medications with seasonal
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Fig.2 Overview of the adaptive

inventory system (R.S) Ulgdgte
Inventory A 5, . ( ,t)
Policy Wlth queW == qcurrent BXCeeded n\./en ()ry
q, Policy with
qcurrent

data over a period of daily demand observations (e.g., demand
is dependent on the day of the week), we suggest select-
ing N such that it is a multiple of the seasonal period (e.g.,
N e {7, 14,21, 28, 35,42, 49, 56} days for weekly season-
ality). For medications that experience longer periods of
seasonality (e.g., yearly), we note that the adaptive inven-
tory system will endogenously detect changes in the demand
over this longer period of time and appropriately update the
(R, S) inventory policy. For the standard deviation of daily
demand, we estimate the standard deviation of daily demand
(i.e., Oyew) using the most recent N daily demand observa-
tions.

We first calculate the expected proportion of drug short-
ages per day when following a particular (R, S) inventory
policy. We calculate this proportion for an inventory sys-
tem that has an expected daily demand of gy, C(ie.,
Psiort|(Guew. R, S)» S€€ Eq. 4) which corresponds to the propor-
tion estimate with the new demand mean. We also calculate
this proportion for an inventory system that has an expected
daily demand of Geyrrent (€., Psnort|(Geurrens,R.S)> S€€ Eq.
4) which corresponds to the proportion estimate with the
demand mean that defines the current (R, S) inventory policy.
Next, we calculate the expected proportion of drugs wasted
per day when following a particular (R, S) inventory policy.
We calculate this proportion for an inventory system that has
an expected daily demand of g, and standard deviation
of daily demand oy,ew (i-€., Puwasre|(Guew.onew,R,S)» S€€ Eq. 5)
which corresponds to the proportion estimate with the new
demand mean and new standard deviation of daily demand.
We also calculate this proportion for an inventory system that
has an expected daily demand of gcyrens and standard devi-
ation of daily demand 00y (i-€., Puaste|(Gourrent s0new, R, S)» SEE
Eq. 5) which corresponds to the proportion estimate with the
demand mean that defines the current (R, S) inventory policy
and new standard deviation of daily demand.

@ Springer
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Qnew

Keep (R.S)
Inventory
Policy with
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qcurrent

Conditions that Detect When the Inventory Policy Needs to
Be Updated

Given Gnew = Geurrent» W€ have an increase or no change
in the expected daily demand. In this case, we compare
Psiort|Guew, R,S) — Pshort|(Geurrent, R,S) tO the shortage thresh-
old §;; the change in the proportion of drug shortages per
day that signals a change in the (R, S) inventory policy
when exceeded. 85 provides a numerical value to quantify the
shortage concern. A smaller &, is recommended for medica-
tions that have a high shortage concern. We note that when
Gnew = Geurrents Pshort|@GpewsR.S) = Pshort|@Geurrent.R.S) Will
equal zero, but we include this scenario to simply break the
analysis into two cases.

Given Gpew < Geurrent» We have a decrease in the expected
daily demand. In this case, we compare Pyasre|(Gpew,onew, R, S)
—Puyaste|(Geurrent :onew,R,S) 10 the waste threshold &,; the
change in the proportion of drugs wasted per day that sig-
nals a change in the (R, §) inventory policy when exceeded.
8y provides a numerical value to quantify the waste concern.
A smaller §,, is recommended for medications that have a
high waste concern.

Formally, the adaptive inventory system detects that the
inventory policy needs to be updated if either condition in
Eq. 6 is satisfied. We provide a detailed discussion on the
selection of the input parameters §; and §,, in Section 5.2.

Pshortl(énew,R,S)
- Shorﬂ(écurrenthS) > 33’

when Gnew > Geurrent

6)

Pwa”d(éneuhanew ,R.S)
- Pwa‘”el((?vurrentsgrlew VRVS) > 8w ;

when Guew < Geurrent
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Given we detect that the (R, S) inventory policy needs to
be updated, we set Geyrrent = Gnew and solve for the new
(R, S) inventory policy using the (R, S) model.

Petric =

max{0, Pshort|(Guew,R.S) = Pshort|@Geurrent,R,S) — Os}3

maX{O, Pwa”el(@zeuuo'newaR,S) - Pwastel(QCurrenr»Unew’RaS) - SW}’

important to note that the adaptive inventory system only
indicates that the (R, S) inventory policy needs to be updated
when Pesric > 0.

(N

when Gnew > Geurrent

When énew < QCurrent

3.3 Ranking medications

Managers at the University of Michigan’s Central Pharmacy
are responsible for making inventory decisions for 2,500+
medications. We create a ranking procedure to address the
following questions:

1. Out of the 2,500+ medications, which (if any) medica-
tions should the hospital pharmacy be most concerned
about?

2. If only a limited number of inventory policies can be
updated, which medications (if any) should the hospital
pharmacy focus on?

We present a ranking procedure that depends on the:

(a) fixed ordering cost for the medication (k)

(b) storage/holding cost for the medication (/)

(c) expiration lifetime of the medication (e)

(d) supply chain disruption profile of the medication (a®
and gR))

(e) shortage concern (8s; change in the proportion of drug
shortages per day that the decision-maker is willing to
tolerate for the medication)

(f) waste concern (8,,; change in the proportion of drugs
wasted per day that the decision-maker is willing to tol-
erate for the medication)

(g) demand for the medication (Gcyrrens and Gnew)

(h) demand variability of the medication (oy,ey)

For the ranking procedure, we observe that the adaptive
inventory system keeps a record of the change in the expected
proportion of drug shortages per day and the change in the
expected proportion of drugs wasted per day for a partic-
ular medication (see Eq. 6). We are interested in ranking
the medications in order of decreasing concern. We intro-
duce a proportion exceedance metric denoted Py,eric Which
measures how much the shortage threshold §; is exceeded
given Gnew > Geurrent and waste threshold §,, is exceeded
given Gnew < Geurrent- We define Pperic in Eq. 7 where it is

Ppetric encompasses characteristics (a)-(g). We rank the
medications in order of decreasing concern by sorting the
medications from largest to smallest using Py,¢ric- There are
multiple ways that decision-makers can implement the rank-
ing procedure in practice (e.g., update medications based on
Petric every day, update medications based on the average
value of P,,.:ric over a fixed interval of days). In Section 5.5,
we illustrate one way of implementing the ranking procedure
in practice and we analyze the results.

4 Simulation models

With the varying drug shortage-waste weightings and sup-
ply chain disruption profiles, we use simulation modeling
to assess the performance of multiple inventory systems.
We create simulation models of four inventory systems:
(A) Adaptive Inventory System (in Section 4.1), (B) Adap-
tive with Buyback Inventory System (in Section 4.2), (C)
Benchmark Inventory System (in Section 4.3), and (D) Static
Inventory System (in Section 4.3). We let ¢ denote the day in
the planning horizon where the decision-maker can select the
initialization of . We let r denote the number of days remain-
ing in the review period until the next order is attempted, b
denote the number of days since the (R, S) inventory pol-
icy has been updated, /; denote the inventory on-hand with
a lifetime remaining of i days (i = 1, ..., e), and I;,, denote
the total inventory on-hand. To assess the performance of the
system, we record the number short each day ¢ (i.e., short;),
the number wasted each day ¢ (i.e., waste;), the number held
eachday (i.e., h;), and the number successfully ordered each
day ¢ (i.e., 0;).

4.1 (A) Adaptive inventory system

Ignoring the bold text, Fig. 3 provides a step-by-step descrip-
tion of the simulation model representing a periodic review
inventory system with adaptive inventory policies. To ini-
tialize the model, we (a) define Gcy,rrens using the first B
daily demand observations and solve for the optimal (R*, §*)
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(a) (b) © (d) (e)

(R, S) Model
Beginning of End of

Day t Day t

Record

Solve for

Order
Arrives at
Pharmacy
le =0t

Ttot = ltor + 01

Observe
Real-World
Demand on
Day t: q;

max{0, I, — q7}
Discard waste,

(2 () (i) @

Attempt to
Place Order?

Expected Change Inventory
Daily Demand Policy?

(R, S) Model

Compute »
Condition
in
Equation

(m) (n)

No

238 (4ep = new)”
N-1

Record Record
he = Iror he = Iiot
0r =S"—lto 0, =0
Sett=t+1 Sett=t+1
Seth =0
Supply Chain Supply Chain Attempt to
Not Disrupted Disrupted Place Order Return
max{0, I, — S )¢
Setr =R" Update
I Vi Iio

(C) Benchmark Model

Yes

Proceed to Step () -,
r-<
Proceed to Step (n) <=~
No

Fig.3 Simulation model road map for the (A) Adaptive, (B) Adaptive
with Buyback, and (C) Benchmark inventory systems. For (A), follow
steps (a)-(n) and omit the bold text. For (B), follow steps (a)-(n) and

inventory policy. We then (b) initialize r = R* (i.e., there are
R* days remaining in the review period until an order should
be attempted), b = 0 (i.e., it has been 0 days since the inven-
tory policy has been updated), ; = 0 Vi = 1,...,e (ie.,
the inventory system has zero inventory on-hand across all
lifetimes), I,,; = 0 (i.e., the total inventory on-hand is zero),
and 0,1 = S* (i.e., S* drugs will arrive on day r).

After initializing the model, an iterative procedure begins.
At the beginning of day ¢, (c) an order placed on day r — 1
arrives at the hospital pharmacy (when supply is not dis-
rupted) recalling the (R, §) model zero lead time assumption.
The inventory levels are appropriately updated. Then, we (d)
observe the real-world daily demand (i.e., g;). At the end of
day t, we (e) record the number of drug shortages on day ¢
(i.e., short;), record the number of drugs wasted on day ¢
(i.e., waste;), and discard these wasted drugs. Then, we (f)
subtract one day from the number of days remaining in the
review period (i.e., r = r — 1), add one day to the num-
ber of days since the inventory policy has been updated (i.e.,
b = b + 1), and appropriately update the inventory levels.
Then, (g) if r = 0 (i.e., there are zero days remaining in the
review period), an order should be attempted. Thus, we pro-
ceed to step (h). Otherwise, no order attempt is necessary so
we (n) record the number of drugs held (i.e., h; = I;,,) and
ordered (i.e., o, = 0) on day ¢, and start the process back at
step (d).
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U] (k)

implement the bold text to incorporate buyback. For (C), starting at step
(g), replace the process with the dashed shapes/lines

Given an order should be attempted, we (h) use the
most recent N daily demand observations to estimate the
expected daily demand @, and standard deviation of
daily demand o,,,. Then, we (i) determine if the (R, S)
inventory policy needs to be updated by seeing if either
condition in Eq. 6 is satisfied (i.e., Gnew = Geurrentr &
Pshort|(Grew. R*.5*) — Pshort|(Geurrens R*.8%) > 85 O Gnew <
qcurrent & Pwaste\(énew,anew,R*,S*)_ Pwastel(qcu,rem,Gnew,R*,S*)
> §y). If the (R, S) inventory policy needs to be updated,
we (j) update the inventory policy by setting Geuyrrent = Gnew
and solve for the corresponding optimal (R*, S*) inventory
policy. After step (j), we (k) set b = 0 to indicate that it has
been zero days since the inventory policy has been updated.
Finally, we (1) attempt to place an order based on the (R*, S*)
inventory policy and set r = R*. When supply is not dis-
rupted, the order is successful. We (m) record the number of
drugs held (i.e., h; = I;,) and ordered (i.e., o; = S* — I;or)
on day ¢, and start the process back at step (c). When supply is
disrupted, the order is unsuccessful. We (n) record the num-
ber of drugs held (i.e., h; = I;,+) and ordered (i.e., o; = 0)
on day ¢, and start the process back at step (d).

4.2 (B) Adaptive inventory system with buyback

Through discussions with our hospital pharmacy collabora-
tors at the University of Michigan’s Central Pharmacy, some
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contracts allow the pharmacy to return drugs if the hospi-
tal pharmacy has too much inventory on-hand. With these
buyback programs in mind, we create a simulation model
of a periodic review inventory system with adaptive inven-
tory policies where the hospital pharmacy can return drugs
to the supplier given the inventory on-hand exceeds the opti-
mal order-up-to level S*. Taking notice to the bold text, Fig. 3
presents the step-by-step description of the simulation model.
We add an extra operation (see bold text) in step (k) where we
allow the hospital pharmacy to return all drugs that cause the
inventory on-hand to exceed the optimal order-up-to level S*.
We assume that the newest inventory (i.e., longest remaining
lifetime) is returned and that the hospital pharmacy receives
full compensation for the returned drugs.

4.3 (C) Benchmark inventory system and (D) static
inventory system

The simulation model for the benchmark inventory system
and static inventory system is the same as the adaptive inven-
tory system (i.e., (A) Adaptive) except the (R, §) inventory
policy is only updated when b = B (see dashed shapes/lines
in Fig. 3) and the (R, S) inventory policy is never updated,
respectively.

5 Numerical analysis

We use daily demand data from the University of Michigan’s
Central Pharmacy (October 2019-November 2021). This two
year period captures demand before the Covid-19 pandemic
and fluctuations in demand during the Covid-19 pandemic.
We analyze how a medication’s shortage-waste weighting
and supply chain disruption profile influence the benefits (or
detriments) of adapting to demand disruptions. We present
the data (in Section 5.1), shortage-waste weightings (in
Section 5.2), and input parameters (in Section 5.3). We pro-
ceed to study the benefits (or detriments) of adapting to
demand disruptions in Section 5.4. Then, we analyze the
ranking procedure (see Section 3.3) in Section 5.5. Through-
out the numerical analysis, we denote days ¢+ < 0 as the
training horizon and days ¢ > 0 as the testing horizon. Also,
the (R, S) model treats R and S as continuous decision vari-
ables. We take a conservative approach by rounding R down
to the nearest whole number and S up to the nearest whole
number. For all other computations that require an integer
value, we round to the nearest whole number (e.g., Geurrent)-
We also ensure that all daily demand values are positive as the
(R, S) model requires a positive daily demand (Gcyrrens > 0)
and demand is always non-negative in practice.

5.1 Real-world data

The Central Pharmacy at the University of Michigan man-
ages and keeps records for 2,500+ medications (e.g., surgical,
cancer, daily care for inpatients). Except when analyzing the
ranking procedure (in Section 5.5), we focus on 503B med-
ications which are pre-compounded medications that arrive
to the pharmacy in ready-to-use presentations ([45]; see Sta-
bility in the Supply Chain at https://www.fagronsterile.com/
newsroom/what-is-a-503b-compounding-pharmacy). If a 5
03B medication experiences a shortage, hospital pharma-
cies will often substitute the medication with the form that
requires compounding before administration. This form of
the medication requires additional pharmacy resources and
has a very small expiration lifetime once compounded (e.g.,
24 hours). If a 503B medication is wasted due to expiration,
hospital pharmacies experience a higher waste cost because a
503B medication is often more expensive than the form that
requires compounding before administration. There is also
an increased chance of drug waste with 503B medications
because 503B medications have fairly short expiration life-
times (e.g., 90 days) in comparison to non-503B medications
(e.g., > 360 days; for medications that require compound-
ing, referring to the expiration lifetime of the product before
it is compounded). These are additional reasons why it is
critical to avoid drug shortages and drug waste for this class
of medications.

We start by analyzing two 503B medications. The first
medication is (a) Rocuronium 10 mg/ImL (Rocuronium)
which is a paralyzing agent that is critical to have on-hand
and is most often used for rapid sequence intubation. The sec-
ond medication is (b) Labetalol Smg/1mL (Labetalol) which
is a critical medication used for blood pressure reduction
for several indications. Figure 4 presents the weekly demand
where the red horizontal lines denote the corresponding mean
weekly demand that minimizes the sum of squared errors for
the daily demand data. It is worth noting that the red hori-
zontal lines for Rocuronium resemble an increasing demand
disruption and the red horizontal lines for Labetalol resem-
ble a decreasing demand disruption. Furthermore, for both
Rocuronium and Labetalol, the two groups of daily demand
observations corresponding to the red horizontal lines are sta-
tistically different at a 0.05 significance level when applying
a non-parametric Mann Whitney U test to the two groups.
Through discussions with our hospital pharmacy collabora-
tors, the demand disruptions for Rocuronium and Labetalol
are a result of changes in the patient population during the
Covid-19 pandemic (e.g., cancellation of elective surgeries).
The training horizon (i.e., t < 0) consists of the first 56
unique daily demand observations (8 weeks) stacked four
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Weekly Demand vs Day in the Planning Horizon

Weekly Demand

180 ' ' " 20 ' ' " 720
Day in the Planning Horizon (t)

(a) Rocuronium.

Weekly Demand vs Day in the Planning Horizon

Weekly Demand

4180 ' ' " a0 ' ' " 720
Day in the Planning Horizon (t)

(b) Labetalol.

Fig.4 Weekly demand versus day in the planning horizon. Numerical values are removed on the y-axis for data confidentiality

times (i.e., demand observation 1, 2,..., 56, 1, 2,..., 56, 1, 2,...,
56, 1, 2,...,56) to have 224 observations. Then, we only select
observations 45 — 224 to obtain 180 daily demand training
observations (i.e., about 6 months). We replicate and stack
these daily demand observations when constructing the train-
ing data set to have a training data set that is not impacted by
the Covid-19 pandemic. Beyond Rocuronium and Labetalol,
we consider four additional 503B medications at the end of
Section 5.4.

5.2 Shortage-waste weighting

A medication’s shortage-waste weighting defines the short-
age concern (defined by §;) and waste concern (defined by
8y ) for a particular medication of interest. This input parame-
ter is selected by a hospital pharmacy manager/administrator.
Working closely with our hospital pharmacy collaborators,
we study a range of (J;, 8,,) values such that &5 + §,, = 0.1
where 6; € [0.01,0.09] and §,, € [0.01,0.09] to capture
the trade-off between these two measures. In the following
section, we select y = 0.05. This implies that the (R, S)
model ensures that shortages occur 5% of the time given
the shortage constraint can be satisfied in the (R, §) model
(see Section 3.1). Therefore, our range of é; € [0.01, 0.09]
values detects when shortages occur more than 6% — 14%
of the time, respectively. It is important to note that a shift
from 5% of the time to 6% of the time is a 20% increase
in shortages. Also, the adaptive inventory system consid-
ers the percentage of drugs wasted with the mean demand
used to define the current (R*, $*) inventory policy (i.e.,
100 % Pyaste|(Geurrent sonew, R*,5*) %0) and the new mean demand
(i.e., 100 % Pyasre|(Gnew,onew, R*,5*) %) given a standard devi-
ation of daily demand o;,.,,. Therefore, our range of §,, €
[0.01, 0.09] values detects when the difference in the per-
centage of drugs wasted is more than 1% — 9%, respectively.
Figure 5 illustrates a medication’s shortage-waste weighting
where we also provide medication examples in black ifal-
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ics. We note that when (§;, 8,,) = (0.05, 0.05), the model is
equally sensitive to changes in drug shortages and drug waste.
We also note that for medications with a very high short-
age concern, a hospital pharmacy manager/administrator can
select a shortage-waste weighting with a high shortage con-
cern and low waste concern (e.g., (8, §y) = (0.01, 0.09))
and couple this with a small proportion of demand not satis-
fied for the (R, S) model (e.g., y = 0.01).

5.3 Model input parameters

We provide a summary of the input parameters for the numer-
ical analysis in Table 4. For the (R, S) model, through
discussions with our hospital pharmacy collaborators, we
estimate the ordering cost (k) using 10 times the cost
of the medication (i.e., k = 10-(medication price)). We
consider a daily holding cost (k) relative to medication
price of 0.001 (i.e., h = 0.001-(medication price); [46]).
Through discussions with our hospital pharmacy collabo-
rators, Rocuronium and Labetalol have a wholesale price
of about $12 and $7 per dose, respectively. Furthermore,
by discussing with our hospital pharmacy collaborators, we
consider an expiration lifetime of 90 days (i.e., ¢ = 90)
which is consistent with the class of 503B medications. When
solving for the optimal (R*, $*) policy, we constrain short-
ages to occur only 5% of the time (i.e., y = 0.05). Also,
when modeling supply chain disruptions as a two-state dis-
crete time Markov chain (see Section 3.1), we consider four
supply chain disruption profiles, (", B1) = {(55, 15).
(9]—0, %), (2;—0, 91—0), (8}—0, ﬁ)}, where )]? corresponds to an
expected duration of x days. Our hospital pharmacy col-
laborators at the University of Michigan have observed a
variety of supply chain disruption lengths in practice (e.g.,
1-3 months and 8-9 months). These («!’, 1) supply chain
disruption profiles all have the same long-run probability that

oD 0.25. Demand for

the supply chain is disrupted: T p0 =
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Fig.5 A medication’s
shortage-waste weighting. From
left to right, the concern for
shortages increases (i.e., s
decreases) and the concern for
waste decreases (i.e., 8y,
increases)

(:,+) denotes
(65, 6w)

a medication often depends on the day of the week, so we
consider N = 56 past daily demand observations when esti-
mating the expected daily demand and standard deviation of
daily demand for the adaptive inventory system (i.e., 56 is
divisible by 7). We provide additional details and sugges-
tions for the selection of N in Section 5.6. We consider a
benchmark inventory system that follows the same inventory
policy for B = 90 days (i.e., about 3 months).

For all simulation models, we initialize g¢;ren; using the
first B = 90 training daily demand observations as shown
in Section 4. However, to warm-up the simulation model,
we replicate and stack the entire set of 180 training daily
demand observations 4 times to have a total warm-up period
of 4(180) days (i.e., & 2 years). Following the warm-up
period, we always consider a testing horizon of 720 days (i.e.,
~ 2 years). We first note that we consider a long warm-up

Shortage Concern

(0.09,0.01) (0.05,0.05) (0.01,0.09)
Waste Concern
Zolgensma Rocuronium Oxytocin
Labetalol Norepinephrine

period to ensure that the inventory on-hand is appropriately
balanced across the potential lifetimes of the medication
(i.e., not all of the inventory on-hand is “new”). Also, a
sufficient warm-up period coupled with 1,000 simulation
replications makes it likely that all possible supply chain dis-
ruption patterns are well represented. We specifically select
1,000 simulation replications as this ensures a 95% confi-
dence interval half-width of at most 0.01 for the proportion
of drug shortages per day for Rocuronium and Labetalol with
the (A) Adaptive model when (&5, §,) = (0.05,0.05) and
@D, BD) = (335, gp)-

For the adaptive models (i.e., (A) Adaptive and (B) Adap-
tive with Buyback), we use the most recent N = 56 daily
demand observations to endogenously detect demand dis-
ruptions and update the (R, S) inventory policy. It is worth
noting that we initialize all the simulation models using the

Table 4 Numerical analysis

. Notation
input parameters

Description

Input parameters

k = 10-(medication price)

h = 0.001-(medication price)
e =90

y =0.05

(1) 1 1 1 1
o' € {55, 90> 770> 510}

(€Y 11 1 1
B €l 35> 90> 770

——

85 €[0.01,0.09]

8w €10.01,0.09]

Warm-up= 4(180)

Reps= 1, 000

Fixed ordering cost (i.e., for each order attempted)
Holding cost per day per drug

Expiration lifetime in days

Maximum proportion of drug shortages per day over

the infinite horizon

Supply chain disruption probability with respect to 1
day

Supply chain recovery probability with respect to 1
day

Change in the proportion of drug shortages per day
that signals a change in the (R, S) inventory policy
when exceeded

Change in the proportion of drugs wasted per day that
signals a change in the (R, S) inventory policy when
exceeded
Number of past daily demand observations to con-
sider for the adaptive inventory system daily demand
estimates

Number of days the inventory system follows the same
(R, S) inventory policy where the average of the last
B days is used to update the inventory policy

Length of the warm-up period in days for the simula-
tion models

Number of simulation replications
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first B = 90 training daily demand observations which keeps
consistency across all four inventory systems of interest:
(A) Adaptive, (B) Adaptive with Buyback, (C) Benchmark,
and (D) Static. Furthermore, we implement a long warm-up
period that uses the first 180 training daily demand obser-
vations stacked 4 times for the simulation models (i.e., & 2
years). But, the sole purpose of consistent initialization and
long warm-up periods is to compare the performance of the
systems without bias. When implementing these inventory
systems in practice, the (A) Adaptive and (B) Adaptive with
Buyback inventory systems only require N daily demand
observations for initialization. The (C) Benchmark inventory
system only requires B daily demand observations for initial-
ization. The (D) Static inventory system only requires N or
B daily demand observations (based on the decision-maker)
for initialization.

5.4 Medication case studies

We proceed to present the results for the medication case
studies. Specifically, we provide the results for (a) Rocuro-
nium and (b) Labetalol. At the end of this section, we consider
four additional 503B medications and summarize the results
in a table. For all analyses, we use the real-world demand
data provided by the Central Pharmacy at the University of
Michigan and we simulate the performance of the (A) Adap-
tive, (B) Adaptive with Buyback, (C) Benchmark, and (D)
Static models. For clarity, from a shortage perspective, we
claim that adaptive inventory policies are beneficial if the
adaptive model (e.g., (A) Adaptive and (B) Adaptive with
Buyback) leads to a smaller proportion of drug shortages per
day in comparison to the (D) Static model. We claim that
adaptive inventory policies are detrimental if the adaptive
model has a larger proportion of drug shortages per day in
comparison to the (D) Static model. From a waste perspec-
tive, we claim that adaptive inventory policies are beneficial
if the adaptive model (e.g., (A) Adaptive and (B) Adaptive
with Buyback) leads to a smaller proportion of drugs wasted
per day in comparison to the (D) Static model. We claim
that adaptive inventory policies are detrimental if the adap-
tive model has a larger proportion of drugs wasted per day in
comparison to the (D) Static model. We also provide addi-
tional insights using the (C) Benchmark model.

5.4.1 Rocuronium and labetalol case studies

We present the results for Rocuronium (see Fig. 6) and
Labetalol (see Fig. 7). We present the overall expected pro-
portion of drug shortages per day and proportion of drugs
wasted per day over the testing horizon. The testing horizon
is 720 days (i.e., & 2 years). We also present the expected
number of inventory policy changes made over the course of
the testing horizon. For the shortage-waste weightings (see
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x-axis in Figs. 6 and 7), we consider §,, € [0.01, 0.09] such
that 65 + 8, = O0.1. For the supply chain disruption pro-
file, we focus on supply chain disruptions with an expected
duration of 90 days: (oD, ﬂ(l)) = (ﬁ, 91—0). Also, for the
supply chain disruption profile, we provide the disruption
probability with respect to 1 day (i.e., «1), recovery proba-
bility with respect to 1 day (i.e., 81), and optimal (R*, §*)
inventory policy when the mean of the first B = 90 training
daily demand observations (i.e., initial gcyrent) are used for
the expected daily demand Gcyrrent (see Fig. 3 step (a)).

From Figs. 6 and 7, we find that (a) for a fixed supply chain
disruption profile, a medication’s shortage-waste weighting
dictates the magnitude of the benefits (or detriments) of adap-
tive inventory policies. For example, consider the proportion
of drugs wasted per day for Rocuronium (see Fig. 6 col-
umn 2). When the model is more concerned with shortages
implying &, is large since &, + d; = 0.1 (see x-axis), the
detriments of an adaptive model (i.e., (A) Adaptive and (B)
Adaptive with Buyback) in comparison to the static model
(i.e., (D) Static) are greater than a model that is more con-
cerned with waste implying §,, is small. We note that the
(D) Static model always performs well in terms of the pro-
portion of drugs wasted. We most likely observe this because
Rocuronium resembles an increasing demand disruption (see
Fig. 4(a)). The (D) Static model never changes the inventory
policy when the increase in demand occurs implying the (D)
Static model is always under-ordering. As a result, the (D)
Static model performs well from a waste perspective (see
Fig. 6 column 2), but not a shortage perspective (see Fig. 6
column 1). Consider the proportion of drugs wasted per day
for Labetalol (see Fig. 7 column 2). When the model is more
concerned with shortages implying &, is large (see x-axis),
the benefits of an adaptive model (i.e., (A) Adaptive and (B)
Adaptive with Buyback) in comparison to the static model
(i.e., (D) Static) are slightly less than a model that is more
concerned with waste implying &,, is small. We note that
the (D) Static model always performs well in terms of the
proportion of drugs shortages. We most likely observe this
because Labetalol resembles a decreasing demand disrup-
tion (see Fig. 4(b)). The (D) Static model never changes the
inventory policy when the decrease in demand occurs imply-
ing the (D) Static model is always over-ordering. As a result,
the (D) Static model performs well from a shortage perspec-
tive (see Fig. 7 column 1), but not a waste perspective (see
Fig. 7 column 2).

Selecting a shortage-waste weighting with a high shortage
[waste] concern often performs better than a shortage-waste
weighting with a low shortage [waste] concern with respect
to the proportion of drug shortages [drugs wasted] per day.
However, it is worth noting that we do not always observe
a monotone property for the proportion of drug shortages
per day and the proportion of drugs wasted per day as
we vary (8, 8y). For example, consider the proportion of
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Fig.6 Rocuronium results with models (A)-(D). We consider long sup-
ply chain disruption durations where o) = ﬁ and g = %. We
have that (R*, $*) = (1, 8910) with an initial G¢yrrens = 98. The x-axis
illustrates §,, such that §,, +38; = 0.1 implying §,, increases from left to

drugs wasted per day for Rocuronium (see Fig. 6 column
2). There are instances where a shortage-waste weighting
that is less concerned with waste (e.g., §,, = 0.05) has a
smaller proportion of drugs wasted per day in comparison
to a shortage-waste weighting that is more concerned with
waste (e.g., §,, = 0.04). Taking a deeper look, we also find

Shortage Concern >

Shortage Concern >

< Waste-Concern

- (C)Benchmark (B= 90 Days) -+~ (D) Static

right and §; decreases from left to right. Recall that §,, and 8, represent
the change in the proportion of drugs wasted per day and drug shortages
per day that the inventory system is willing to tolerate. See Fig. 4(a) for
the observed demand over the planning horizon

that the 95% confidence intervals around the point estimates
for the proportion of drugs wasted per day for §,, = 0.04
and 6,, = 0.05 do not intersect. However, it is important to
note that the difference in the expected proportion of drugs
wasted per day with §,, = 0.04 and 6,, = 0.05 is very small
(i.e., difference of 0.019). Furthermore, if we consider all

Shortage Concern

Prop. Short Per Day

Prop. Wasted Per Day

No. of Policy Changes

0cl254 0.6-+F — +=+-+ = +-+ 25-

- -F-8--8-F-8--u ZO-W
04- * 15-

0.2 A--dhe--Ae-deo-he-h. s -h-A 10 ---B-d--F-F-4--2
5-

0.000- . ., 00-, . R o

0.01 0.05 0.09 0.01 0.05 0.09 0.01 0.05 0.09
8,8, + 8, = 0.1
Waste Concern Waste Concern Waste Concern
—— (A) Adaptive -#- (B) Adaptive with Buyback -®- (C)Benchmark (B= 90 Days) ~+ (D) Static

Fig.7 Labetalol results with models (A)-(D). We consider long supply
chain disruption durations where o = 2170 and gV = 91—0. We have
that (R*, §*) = (1,3780) with an initial Gcyrrensr = 43. The x-axis
illustrates &,, such that §,, + §; = 0.1 implying §,, increases from left

to right and d; decreases from left to right. Recall that §,, and §; rep-
resent the change in the proportion of drugs wasted per day and drug
shortages per day that the inventory system is willing to tolerate. See
Fig. 4(b) for the observed demand over the planning horizon
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non-monotone instances across the six 503B medications of
interest in this research, we continue to find a very small
difference in the expected proportion of drug shortages per
day or drugs wasted per day (i.e., difference < 0.03). From
a practical perspective, these very small differences may not
be significant. We suspect that these non-monotone instances
are a combination of (1) simulation sampling error and (2)
the medication shortage concern (i.e., ;) and medication
waste concern (i.e., §,y) causing small differences on when
an inventory policy is updated and the frequency of an inven-
tory policy being updated.

When looking at the number of policy changes, we find
that (b) the number of policy changes with the (A) Adaptive
and (B) Adaptive with Buyback models is largely influenced
by the medication shortage concern (i.e., §;) and medica-
tion waste concern (i.e., &,,). Consider the number of policy
changes for Rocuronium (see Fig. 6 column 3). As the model
becomes more concerned with shortages (i.e., §,, increases),
the number of policy changes generally increase. Consider
the number of policy changes for Labetalol (see Fig. 7 col-
umn 3). The number of policy changes is fairly stable for the
multiple (ds, 8,,) shortage-waste weightings. But, the num-
ber of policy changes starts to increase as the model becomes
more concerned with shortages.

We next take a deeper look at the (C) Benchmark model
which updates the inventory policy every B = 90 days using
the average daily demand from the most recent B = 90 days.
In the upcoming Section 5.6, we emphasize that (c) the (C)
Benchmark model can lead to very poor performance. If we
consider Figs. 6 and 7, we can start to see this finding. The
proportion of drug shortages per day with the (A) Adaptive,
(B) Adaptive with Buyback, and (C) Benchmark models are
very similar. But, the proportion of drugs wasted per day with
the (C) Benchmark model is much greater than the propor-
tion of drugs wasted per day with the (A) Adaptive and (B)
Adaptive with Buyback models for almost all shortage-waste
weightings.

We also find that (d) when considering the proportion
of drugs wasted per day particularly for a medication that
resembles a decreasing demand disruption (e.g., Labetalol;
see Fig. 4(b)), the (B) Adaptive with Buyback model outper-
forms the (A) Adaptive model (see Fig. 7 column 2). Recall
that the (B) Adaptive with Buyback model allows the hospital
pharmacy to return drugs when the order-up-to level S* is less
than the inventory on-hand. The improvement in the propor-
tion of drugs wasted per day with zero to negligible impact on
the proportion of drug shortages per day encourages the use
of such buyback programs. Furthermore, when considering a
medication that resembles a decreasing demand disruption,
an inventory policy that stocks a lot of inventory on-hand
(i.e., a large order-up-to level S; e.g., a medication with a
long expected duration of supply disruptions) may see great
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benefits from a buyback program in terms of the expected
proportion of drugs wasted.

5.4.2 Other medications of interest and statistical
significance

In addition to Rocuronium and Labetalol, we summarize the
results (see Table 5) for four other 503B medications of inter-
est: Avastin 1.25mg/0.05mL (chemotherapy with several
indications; wholesale price of about $55 per dose), Oxytocin
30 units/S00mL (induction of labor; wholesale price of about
$10 per dose), Cefazolin 2gm/100mL (antibiotic; wholesale
price of about $14 per dose), Norepinephrine 16mg/250mL
(vasopressor used to increase blood pressure; wholesale price
of about $25 per dose). The wholesale prices were obtained
through discussions with our hospital pharmacy collabora-
tors. The weekly demand data are provided in Appendix C.1.
Like Rocuronium and Labetalol (see Section 5.1), through
discussions with our hospital pharmacy collaborators, the
demand disruptions for Avastin, Oxytocin, Cefazolin, and
Norepinephrine are a result of changes in the patient popula-
tion during the Covid-19 pandemic. In Table 5, we present the
ratio of the proportion of drug shortages per day with the (D)
Static model to the proportion of drug shortages per day with
the (A) Adaptive model for varying shortage-waste weight-
ings and supply chain disruption profiles. We present the ratio
to the hundredths place. A ratio that is greater than 1 implies
that the (A) Adaptive model is beneficial (i.e., decreases the
proportion of drug shortages per day) and a ratio that is less
than 1 implies that the (A) Adaptive model is detrimental
(i.e., increases the proportion of drug shortages per day). We
do the same for the proportion of drugs wasted per day. Num-
bers with asterisks indicate that the proportion with the (A)
Adaptive model and (D) Static model are statistically dif-
ferent at a 0.05 (*) and 0.01 (**) significance level when
applying a non-parametric Wilcoxon signed-rank paired test
to the 1,000 simulation replications. Furthermore, when the
proportion with the (A) Adaptive model or (D) Static model
is zero, we present the difference between the two propor-
tions (i.e., (A) Adaptive - (D) Static) and indicate this with a
“D” before the numerical value.

In Table 5, we present three shortage-waste weightings:
(65, 6w) € {(0.075,0.025), (0.05,0.05), (0.025,0.075)}.
When viewing Table 5, we note that the medication short-
age concern increases and the medication waste concern
decreases when viewing the shortage-waste weightings from
left to right. In Table 5, when modeling supply chain dis-
ruptions as a two-state discrete time Markov chain (see
Section 3.1), we present four supply chain disruption profiles:
@, D) = { (35 1) (50 30)+ (370> 90)- (g10+ 2700}
All of the supply chain disruption profiles have the same
long-run probability that the supply chain is disrupted (i.e.,
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a®
a1 gD
supply chain is disrupted, from top to bottom, the four sup-

ply chain disruption profiles are listed in order of increasing
supply chain disruption duration.

In Table 5, we find that (e), for a fixed shortage-waste
weighting and long-run probability that the supply chain is
disrupted, if adaptive inventory policies are beneficial from a
shortage [waste] perspective, the benefits generally decrease
as the supply chain disruption duration increases. Similarly,
if adaptive inventory policies are detrimental from a short-
age [waste] perspective, the detriments generally decrease as
the supply chain disruption duration increases. As an exam-
ple, consider Labetalol with (ds, 6,,) = (0.05,0.05). The
shortage ratio is less than 1 implying there are detriments in
implementing the (A) Adaptive model in comparison to the
(D) Static model. As the supply chain disruption duration
increases (move down the rows of the table), we notice that
the shortage ratio increases implying the detriments decrease.
It is likely that the (D) Static model performs better than the
(A) Adaptive model for Labetalol from a shortage perspec-
tive because this medication resembles a decreasing demand
disruption (see Fig. 4(b)). Therefore, if we never change the
inventory policy as done in the (D) Static model, we will
always be over-ordering. Consequently, the (D) Static model
leads to less shortages in comparison to the (A) Adaptive
model that updates the inventory policy when changes in
the mean demand occur. Keeping in mind that we are over-
ordering with the (D) Static model, as we would expect, the
(A) Adaptive model leads to a smaller proportion of drugs
wasted per day in comparison to the (D) Static model which
is seen with the waste ratio being greater than 1. We notice
that as the supply chain disruption duration increases (move
down the rows of the table), the waste ratio decreases imply-
ing the benefits decrease.

It is also worth noting that when a medication’s inventory
policy shifts from beneficial to detrimental as the sup-
ply chain disruption duration increases (e.g., see Avastin
(85, 8w) = (0.05,0.05)), the same conclusion (e) holds.
Specifically, for these instances, as the supply chain dis-
ruption duration increases, the benefits of adaptive inven-
tory policies decrease until the adaptive inventory policies
become detrimental. When the adaptive inventory policies
become detrimental, the detriments decrease as the supply
chain disruption duration increases. Furthermore, when stat-
ing finding (e), we use the term generally because there
are instances where the relationship does not hold exactly,
but the difference in performance is very small (e.g., see
Labetalol with (&, §y,) = (0.025,0.075) where 1.89 >
1.83). Although, this is most likely a result of simulation
sampling error.

We find that (f) as the expected supply chain disruption
duration increases, the trade-off between drug shortages and

= 0.25). Fixing the long-run probability that the
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drug waste becomes more apparent as improving one often
negatively impacts the other. To see this finding, consider
(85, 8w) = (0.05, 0.05) for Rocuronium. We notice that the
(A) Adaptive model is always beneficial from a shortage per-
spective as the shortage ratio is greater than 1. However, as
the supply chain disruption duration increases, we notice that
the (A) Adaptive model becomes detrimental from a waste
perspective as the ratio is less than 1 illustrating the trade-off
between drug shortages and drug waste.

The results from Table 5 also support the finding earlier
that (a) for a fixed supply chain disruption profile, a medi-
cation’s shortage-waste weighting dictates the magnitude of
the benefits (or detriments) of adaptive inventory policies.

5.5 Ranking analysis

In Section 3.3, we present a Py,.sric ranking procedure that
prioritizes medications and indicates which medications are
of most concern. We proceed to describe a way of imple-
menting the ranking procedure in practice and we analyze the
performance when applying this method to the 500 highest
(unit price)-(demand) medications at the University of Michi-
gan’s Central Pharmacy. We consider the total yearly demand
when selecting the 500 highest (unit price)-(demand) medi-
cations. When considering the highest (unit price)-(demand)
medications, we only consider medications that have demand
data available for the time period of interest (i.e., October
2019-November 2021) and using this real-world demand data
helps to capture the varying demand patterns that arise across
medications. We ensure that the data only includes medica-
tions (e.g., removed medical supplies). 370 medications meet
this criteria.

For implementation, we consider that the Central Phar-
macy at the University of Michigan keeps record of Pyesric
every day for all medications. We consider that every 30 days,
the Central Pharmacy decides which medications to update
using the average value of Peric Over the most recent 30
days. However, instead of updating all medications that have
an average value of Py,¢;ric greater than O (i.e., a value that
signals a change in the (R, S) inventory policy is needed),
we only allow the Central Pharmacy to update at most M (%)
percent of medications: M%) {0,2.5,5, ..., 15}. If more
than M (% percent of medications need to updated, we sort
the average value of Pyerric from largest to smallest for all
medications, and we only update the top M%) percent of
medications. For the analysis, we consider the input param-
eters defined in Section 5.3. But, we assume that all 503B
medications have an expiration lifetime of 90 days which
is consistent with the class of 503B medications (i.e., about
3 months) and we assume that all non-503B medications
have an expiration lifetime of 360 days (i.e., about 1 year).
Through discussions with our hospital pharmacy collabo-
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rators, non-503B medications have a variety of expiration
lifetimes and much longer lifetimes than 503B medications.
We select 360 days for these medications because it is a
conservative expiration lifetime estimate. Also, we consider
(85, 8w) = (0.05,0.05) for the shortage-waste weighting,
(M, gy = (%, 3—10) for the supply chain disruption pro-
file, and we focus on the (A) Adaptive model where updates
can only occur every 30 days (i.e., no buyback is in place).
We present the average proportion of drug shortages per day
across all medications and the average proportion of drugs
wasted per day across all medications. We also present the
cost of wasting a drug relative to the cost of a drug short-
age that is required for the reduction in drug shortages to
equally outweigh the detriments of drug waste. To calcu-
late this value, we take the absolute difference between the
average number of drug shortages with M (%) percent and 0
percent updates across all medications divided by the abso-
lute difference between the average number of drugs wasted
with M%) percent and 0 percent updates across all medica-
tions. When the cost of wasting a drug relative to the cost of a
drug shortage exceeds this value, it implies that the reduction
in drug shortages does not outweigh the detriments of drug
waste. Figure 8 illustrates the results.

We find that (g) there is a decreasing marginal benefit from
a drug shortage perspective as the maximum percent of med-
ications that can be updated increases. This implies that a
decision-maker needs to update a very small proportion of
medications at any point in time to get the greatest benefits of
adaptive inventory policies. From a drug waste perspective,
there is a decreasing marginal detriment as the maximum per-
cent of medications that can be updated increases. However,
the detriments from a drug waste perspective are very small

Fig.8 Average proportion of ~ 0.125-

drug shortages across all
medications, average proportion Average —_—
of drugs wasted across all Proportion of )
medications, and the cost of Drug Shortages 0.050-
wasting a drug relative to the 0.025-
cost of a drug shortage that is 0.000
required for the reduction in -
drug shortages to equally
outweigh the detriments of drug Average 0.003
waste. The analysis focuses on Proportion of o 0.002-
the highest (unit D Wasted
price)-(demand) medications at rugs waste 0.001 -
the University of Michigan’s
Central Pharmacy and for the = 0.000~
analysis, a decision-maker can 3d
update at most M%) percent of
medications every 30 days Cost of 2-
Drug Waste: <
Drug Shortage 1-
- 0-

practically speaking. Furthermore, with the results illustrat-
ing the trade-off between drug shortages and drug waste (i.e.,
decrease in drug shortages but increase in drug waste), we
take a deeper look at the cost of wasting a drug relative to
the cost of a drug shortage that is required for the reduc-
tion in drug shortages to equally outweigh the detriments of
drug waste (see Fig. 8 row 3). We find that (h) the cost of
wasting a drug would need to be far greater than the cost
of a drug shortage for the reduction in drug shortages to
not outweigh the detriments of drug waste. For example,
consider M% = 2.5. The cost of wasting a drug would
need to be about 3.5 times the cost of a drug shortage for
the reduction in drug shortages to not outweigh the detri-
ments of drug waste. Drug shortages can increase the cost of
care, increase medication errors, and delay/cancel treatment
[7]. Therefore, except for the few very high priced medi-
cations purchased on an order-by-order basis, it is highly
unlikely that the cost of wasting a drug would be greater
than a drug shortage let alone 3.5 times the cost of a drug
shortage. It is worth noting that when we consider the 500
highest priced medications and the 500 highest demanded
medications (total yearly demand), findings (g) and (h)
continue to hold. Furthermore, if we consider the high-
est (unit price)-(demand) medications with all supply chain
disruption profiles (i.e., (D, BV = {(55. 7). (55+ 75)-
(2;—0, 9]—0), (ﬁ, 2;—0)}) and shortage-waste weightings (i.e.,
(65, 6w) € {(0.025,0.075), (0.05, 0.05), (0.075,0.025)})
combinations presented in Table 5, we continue to find sim-
ilar trends to those stated in finding (g) for the proportion of
drug shortages and proportion of drugs wasted except when
@, BD) = (g75. 77p)- When (@D, ) = (g75. 37p).
we find that the proportion of drug shortages and proportion

0.100- ‘\\A

5 10 15
M) Maximum Percentage of Drugs to Update
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of drugs wasted are fairly stable across the values of M”%
that we consider. We note that this supply chain disruption
profile implies that the expected duration of a supply chain
disruption is 270 days (i.e., about % of a year). In practice,
when pharmacists begin to see these very long durations of
supply chain disruptions, pharmacists will try to take correc-
tive actions (e.g., shift to alternative treatment that is equally
effective, shift to alternative dosage form such as an IV over
oral, ration treatment) to minimize disturbances to the sys-
tem.

5.6 Additional takeaways

We gain additional takeaways by analyzing (T1) the sensitiv-
ity of N (i.e., number of past daily demand observations used
to estimate the expected daily demand) and (T2) the length
of demand disruptions. Additional details are provided in
Czerniak [44]. We find that:

(T1) Itis important to have a large enough N to avoid high
shortage and/or waste detriments, but not too large such
that the benefits of an adaptive model start to decrease.
Furthermore, a medication with a higher variability in
demand (i.e., alarger standard deviation) often requires
a larger N to avoid high shortage and/or waste detri-
ments. As a rule of thumb, we suggest using about
50 daily demand observations when selecting N (e.g.,
N =49, 7 weeks; N = 56, 8 weeks).

(T2) Given we vary the length of the demand disruption (for
both increasing and decreasing demand disruptions),
the benchmark model that only updates the inventory
policy every B = 90 days using the average demand
from the recent B = 90 days can lead to very poor
performance. Furthermore, the adaptive model with
buyback often performs better than the adaptive model
without buyback for varying demand disruption lengths
encouraging the use of such programs.

6 Conclusion

This research considers a perishable inventory system with
supply chain disruptions and demand disruptions. This
research leverages simulation modeling to distinguish how
a medication’s shortage-waste weighting (i.e., concern for
shortages versus concern for waste) along with the duration
of and time between supply chain disruptions influences the
benefits (or detriments) of adapting to demand disruptions.

Managerial Insights

We find that when fixing the mean duration of and
mean time between supply chain disruptions, a medication’s
shortage-waste weighting dictates the magnitude of the ben-
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efits (or detriments) of adaptive inventory policies. We also
find that for a fixed shortage-waste weighting and long-run
probability that the supply chain is disrupted, if adaptive
inventory policies are beneficial from a shortage [waste] per-
spective, the benefits generally decrease as the supply chain
disruption duration increases. Similarly, if adaptive inventory
policies are detrimental from a shortage [waste] perspec-
tive, the magnitude of the negative impact of the adaptive
inventory policies decreases as the supply chain disruption
duration increases. Furthermore, when fixing the long-run
probability that the supply chain is disrupted, we find that
long supply chain disruption durations are the most sensitive
to the trade-off between drug shortages and drug waste as
improving one often negatively impacts the other. The results
also suggest that hospital pharmacies should avoid updating
the inventory policy on long fixed intervals and negotiate
for buyback programs when establishing contracts with their
suppliers/wholesalers. For the latter, this is under the assump-
tion that a buyback program adds no additional costs to
the hospital pharmacy inventory system. When looking at a
large collection of medications, we find that a decision-maker
needs to update a very small proportion of medications (e.g.,
< 5%) at any point in time to get the greatest benefits of
adaptive inventory policies.

Future Research

Our research illustrates that it is often beneficial for hos-
pital pharmacies to participate in buyback programs. We do
not consider buyback programs from the supplier perspective
and we assume that the hospital pharmacy receives full com-
pensation for the returned drug. If we assume that the hospital
pharmacy does not receive full compensation for the returned
drug, then the supplier may greatly benefit from buyback pro-
grams because they can possibly sell this collected drug to
other hospital pharmacies at full price. However, there is no
guarantee that another hospital pharmacy will purchase this
returned drug before it expires. Hence, it would be inter-
esting to study if the supplier should only accept a certain
number of drugs or drugs with a certain remaining shelf
life from the hospital pharmacy to reduce costs and waste
at the supplier. We leave these studies for future research.
Another area for future research is incorporating the relation-
ship between substitute medications and demand disruptions
into the adaptive inventory system. Through discussions with
our hospital pharmacy collaborators, the demand disruptions
for the 503B medications analyzed in Section 5.4.2 are a
result of changes in the patient population during the Covid-
19 pandemic. However, additional analyses (see Appendix
Section D) illustrate that changes in the patient population
for the primary medication may influence the demand for
the substitute medication. In addition, we consider (R, S)
inventory policies which are commonly implemented in
practice. Future research can study other inventory policies
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(e.g., (s, S) inventory policies) and how adapting these
policies impact the performance of the inventory system.
Furthermore, when considering (R, S) inventory policies,
we assume full and accurate knowledge of the inventory
on-hand. Future research can consider the case where inven-
tory records are inaccurate [13]. A final direction for future
research is using the adaptive inventory system presented in
this research and analyzing how dynamic supply chain dis-
ruption parameters (i.e., o and 1) influence the results.

Closing Thoughts

Decision-making is difficult in hospital pharmacy inven-
tory systems due to perishability, supply chain disruptions,
and demand disruptions. A medication’s shortage-waste
weighting and supply chain disruption profile influence the
benefits (or detriments) of adapting to demand disruptions,
and hospital pharmacy managers should consider these char-
acteristics when implementing such policies in practice.

Appendix
A The (R, S) model

The (R, S) model provides the optimal length of the review
period R* and order-up-to level S* in closed-form for a
lost-sales perishable inventory system with supply chain dis-
ruptions.

A.1 Summary of the (R, S) model

We summarize the procedure presented in Czerniak et al. [30]
to solve for a lost-sales (R, S) perishable inventory policy
in a system with supply chain disruptions (two-state supply

process). The four requirements that must be satisfied by
(R)
and 0 < B® < 1 (see Table 2). Also, the closed-form

the input parameters are y < y > 0,a® >0,

expressions treat the length of the review period (R) and the
order-up-to level (S) as continuous decision variables.

Step 1: Solve for the Optimal m*, R*, and S* for a Non-
Perishable Inventory System
Using Egs. A.1-A.3, solve for the optimal m™*, R*, and S*,
respectively.

(A1)

(R) 4 g(R)y(1—BR)
e ln((ﬂl +8 a(i{()l B )V)
In(1 — )

(R) B(R) (g (R) (R) — BR) — B(R)ym*
R*=max{1,\/2a BB @) + BB = FR)(1 = pF) k} (A2)
qh(A1 + Az)

where:
Ap = m*2a® R (1 — gRIYm*y(_ o (R) g(R)
+a® R _ gRIym* | g(R) 4 o(R) _ (p(R))2)
Ay = (—2@®2y — 28RNy + 48RPy — 28Rty
+ @By 2 4 (pR)2)2 _2(pR))3)2
+ (BB y? — 4g B (p(R))2,2
2@ B2 g2 2@ ®)2(B)2) 20 R ()32
—4oe(R)/3(R)y + (a(R))Z(ﬂ(R))2y2 + 2a(R)ﬁ(R)y2
+ 8B (pR)2y
+4@®)2 Ry —4g® (pB)3y 42 B)2(pR)2y 1
_lg(R))rn* _ 20((R)(,3(R))2y(1
=B 22 Ry (1 - pRy
+2a® (B y (1 = pRY™ 4 (@ B2 (1 - Oy
+ 2a(R)ﬂ(R)(l _ ﬂ(R))m* _ 3a(R)(/3(R))2(1 _ Ig(R))m*
— (@R (1 — gy 1 B ()3 (1 — gy
+ @) (1-p 2 4 (@ R)2(8)2 (1 — g™

g e Tr @+ B = BT + oD - B 4 a0 p M1 — gy (A3)
= 4 «®BR (1 — gy :
@P+p")1-p®)
e | Inc S ) (A4)
N In(1 — BR))
R* = max 1, ¢ = = (A 5)
—y (@B 4R (1—BR)) 4o (R) (1 BR)Ym™ 4 (R) B(R) (1 — (R ym .
a B BR) (1—BR) ym*
S* = eq (A.6)
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Step 2: Check if S* < eq

If S* < eq, then m*, R*, and S* found using Egs. A.1-
A.3 represent the optimal (R, S) inventory policy for the
perishable inventory system. If $* > eq, proceed to Step 3.

Step 3: Enforce the Perishability Condition by Setting S* =
eq

Using Egs. A.4-A.6, solve for m*, R*, and S*, respec-
tively.

When S$* < eq (i.e., the non-perishable model suffices;
Step 3 is not necessary), the maximum proportion of drug
shortages per day constraint (i.e., y) is always satisfied
because S* depends on R*. Further, the constraint for the
maximum proportion of drug shortages per day is tight (i.e.,
maximum proportion of drug shortages per day equals y).
When the perishability condition is enforced (i.e., Step 3
is necessary), there may be instances where the maximum
proportion of drug shortages per day constraint cannot be sat-
isfied because S* is constrained to eq and no longer depends
on R*. When the maximum proportion of drug shortages
per day constraint cannot be satisfied, the optimal inventory
policy is always (R* = 1, §* = eq) (i.e., the smallest R*
and the largest S*) as this maximizes the expected inventory
on-hand.

When solving for the (R, S) inventory policy, the solutions
are expressed in closed-form, but they are solved iteratively
to account for a two-state supply process. The disruption
probability (i.e., «®)) and recovery probability (i.e., B&))
presented in Eqgs. A.1-A.6 must be defined with respect to
the length of the review period (R). However, the length of
the review period is not known until solved using the closed-
form expressions (i.e., Eqs. A.1-A.3 or A.4-A.6). Therefore,
we implement the iterative algorithm for a two-state supply
process presented in Czerniak et al. [30] where o) and g
denote the disruption and recovery probability, respectively,
for a review period of length i days. The algorithm takes ")
and BV as input (i.e., & and B are defined with respect to
1 day) and finds the appropriate values «® and g% using
the i-step transition probability matrix. We denote P®) as the
i-step transition probability matrix (see Eq. A.7; [42]).

pi) _ oD\ (A=a®) oD i
—\pgD . )T gL 1 -

The full iterative algorithm is presented in the earlier
research [30].

(A7)

B Proportion metrics
We present how to calculate the expected proportion of drug

shortages per day (in Appendix B.1) and the expected pro-
portion of drugs wasted per day (in Appendix B.2).

@ Springer

B.1 Expected proportion of drug shortages

In Section 3.2.1 of the main paper, we present the expected
proportion of drug shortages per day in Eq. 4. The expected
proportion of drug shortages per day depends on the length of
the review period (R), the order-up-to level (S), the expected
daily demand (), the disruption probability («®), and the
recovery probability (8R)). Proportion is measured relative
to the expected daily demand g.

When deriving the closed-form (R, S) inventory policy
solutions, Czerniak et al. [30] assume that m = L%J > 1
(i.e., S covers at least 1 review period; see Table 2 in Sec-
tion 3.1). Therefore, when m > 1, we directly use the
two-state supply process results found in Czerniak et al. [30].
When m < 1, the order-up-to level S does not cover a full
review period (i.e., gR > S). The expected proportion of
drug shortages consists of two components: (a) the long-
run probability that the supply chain is not disrupted (i.e.,
%R;(m) multiplied by the expected number of drug short-
ages in a review period of length R (i.e., gR — §) divided
by the demand in a review period of length R (i.e., g R) and
(b) the long-run probability that the supply chain is disrupted
(.e.,1— %) multiplied by 1. For (b), m does not cover
afull review period, so any time the supply chain is disrupted,
the inventory system has zero inventory on-hand resulting in
an expected proportion of drug shortages per day of 1. We do
not account for stochastic demand as past research illustrates
that stochastic demand that is normally distributed has a neg-
ligible impact on the expected proportion of drug shortages
per day with the (R, S) model.

B.2 Expected proportion of drugs wasted

In Section 3.2.1 of the main paper, we present the expected
proportion of drugs wasted per day in Eq. 5. We calculate the
expected proportion of drugs wasted given a (R, §) inventory
policy with expected daily demand g and standard deviation
of daily demand o (i.e., Pyasre|(g,0,R,5))- We consider the
expiration lifetime (e), the length of the review period (R),
the order-up-to level (S), the expected daily demand (g), the
standard deviation of daily demand (o), the disruption proba-
bility («®), and the recovery probability (8®). Proportion
is measured relative to the expected number of drugs ordered.

To derive (5), we first consider the case with deterministic
daily demand g and no supply chain disruptions. When we
follow a (R, S) inventory policy for a perishable drug with
expiration lifetime e, the inventory system follows a cyclic
pattern where each cycle lasts [ %] - R days. We note that
the (R, S) model assumes ¢ > 1 and R > 1. On day e
in the cycle, we discard max{0, S — egq} drugs. As a specific
example, consider R = 3 days and e = 5 days. In Table 6, we
present the cyclic pattern of the inventory system where we
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Table 6 Cyclic pattern of the (R, S) inventory system with perishability

S Day Start. Inv. Waste Short End Inv. Age=1 Age=2 Age=3 Age=4 Order size
q 1 q 0 0 0 0 0 0 0 0
2 0 0 q 0 0 0 0 0 0
3 0 0 q 0 0 0 0 0 q
2q 1 2q 0 0 q q 0 0 0 0
q 0 0 0 0 0 0 0

3 0 0 0 0 0 0 0 0 2q
3q 1 3q 0 0 2q 2q 0 0 0 0
2 2q 0 0 q 0 q 0 0 0
3 q 0 0 0 0 0 0 0 3q
4q 1 4q 0 0 3q 3q 0 0 0 0
2 3q 0 0 2q 0 2q 0 0 0
3 2q 0 0 q 0 q 0 3q
4 4q 0 0 3q 3q 0 0 0 0
5 3q 0 0 2q 0 2q 0 0 0
6 2q 0 0 q 0 0 q 0 3q
S >5q 1 S 0 0 S-q S-q 0 0 0 0
2 S-q¢ 0 0 S-2q 0 S-2q 0 0 0
3 S5-2q 0 0 S-3q 0 0 S-3q 0 3q
4 S 0 0 S-q 3q 0 0 S-4q 0
5 S-q S-5q 0 3q 0 3q 0 0 0

6 3q 0 0 2q 0 0 2q 0 S-2q
7 S 0 0 S-q S-2q 0 0 q 0
8 S-qG 0 0 S-2q 0 S-2q 0 0 0
9 5-2q 0 0 S-3q 0 0 S-3q 0 3q
10 S 0 0 S-q 3q 0 0 S-4q 0
11 S-qG S-5q 0 3q 0 3q 0 0

12 3q 0 0 2q 0 0 2q 0 S-2q

vary S in increments of g. We use the same table convention
as presented in [29]. For S < eq, the inventory system has a
cycle of R days which is a factor of (%1 - R and for S > eq,
the inventory system has a cycle of [ 51- R days, so we simply
conclude each cycle lasts [ 1 - R days.

We now formally define a cycle as a period of time such
that on day e in the cycle, max{0, S — eq} drugs are wasted.
There is zero waste on all other days in the cycle. With deter-
ministic daily demand g and no supply chain disruptions, we
have the results presented in Egs. B.1-B.2.

E[no. of drugs wasted per cycle]

_ (B.1)
= max{0, S — eq}
E[no. of drugs ordered in a cycle]
o sed no. wasted (B.2)

—
= r%wi +max{0, S — eg)

We next consider that we have deterministic daily demand
q and supply chain disruptions that follow a two-state supply

process. Given we have a supply chain disruption, we need to
consider which day in the cycle the supply chain disruption
begins to accurately calculate the number of drugs ordered
in the cycle. Recall that a cycle lasts [ %] - R days when the
supply chain is not disrupted. Each cycle has [ ] days that
correspond to areview period day. Given we know that a sup-
ply chain disruption occurs in the cycle, out of the [ %] days
in the cycle that correspond to a review period day, there is an
equal probability that the supply chain disruption begins on
any of these review period days. Hence, the probability that
the supply chain disruption starts on any review period day

in the cycle is 4 Taking into account the day the supply

[%1°
chain disruption starts in a cycle, we have the results pre-
sented in Egs. B.3-B.4. ; is the probability that the supply
chain is disrupted for exactly j consecutive review periods

® « B BR Rni s
(o= PR Tj= (a(R)+/3(R))(1_/3(R))(1 _ﬂ( ))js J=D.

E[no. of drugs wasted per cycle] = max{0, S —eg} (B.3)
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E[no. of drugs ordered in a cycle] =

(B.4)

S; Tg1=1
P - & _ ([41-D) e
([g1RG +max{0, S —eghmo + Y. 7j(S+RG(—E57—)); [51=2
J=r§1-1
re1-2 | &1 T2 . MR2
0= i, R . . 0
(T%1Rq + max{0, S — eq}) (7o + ng m; B ng Jmi) + e Py jmj+ B P> Jom;
N _ ([£1-1) P
+ X m(S+RGE—)); T§1=3
J=T§1-1
BR
where Ty = m
Wiz B R (1_(1_ﬁ(1e>)r§12>
T =
= I a® 4 BB SR
00 [%1-2 [&1-2
Z 7Tj=1— JTJ':]—JT()—ZT[]'
J=rg1-1 j=0 j=1
[%1-2 e eq_
T = P p <1—<r%1—1>(1—ﬁ<R>>W 2+ (7] =20 = p*)I&l 1)
I = @® 1 gy — g® R)2
st (™ + U (A — BN) (B1)
[%1-2 (R) g(R) (R)y[ 512
joj = “ L (= = p® (LB D) 8 -2 - pyri -
I @® 1 g®)Y (1 — R B® 1) R

—1

~

(1= p%) — (51 = DU = pF)ET 4 (151 —2)(1 — pF)TH]

+2( (ﬂ(R))2

)

E[max{0, S = Y Qi}l=Ey=Pr()_ Qi <) (S—E[Y_QilY Qi <SH+Pr(D>_ Qi =50

i=1

i=1 i=1
S —eq

E[max{0, S — Z 0iYl=E, =S Pr(Z < =

i=1

) —eq —

(B.5)
i=1 i=1

_ (5—eq)? 2

2e02

_(=eq)
+ e 2ec?

o

%( —e (B.6)

Next, we incorporate stochastic demand where we assume
that the daily demand is normally distributed with mean g
and standard deviation o . For the deterministic demand case,
we have a demand of exactly eq in a period of e days. Thus,
we waste exactly max{0, S — eq} drugs in each cycle. When
we have stochastic demand, we may not have a demand of
exactly eqg in a period of e days. Letting Q; denote a nor-
mal random variable with mean ¢ and standard deviation
o for the demand on day i, we consider the expectation
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of max{0, S — eq} presented in Eq. B.5 and simplified in
e
Eq. B.6. In Eq. B.6, we assume that ) Q; > 0 as demand
i=1

is always non-negative. It is worth noting that Eq. B.6 can
easily be modified to accommodate other probability distri-
butions (e.g., Poisson) by using the appropriate expectation
and cumulative distribution function.

Using Eq. B.6in Egs. B.3-B.4 and the relation presented in
Eq. B.7, we have the expected proportion of drugs wasted per
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day presented in Eq. 5 of the main paper. Equation 5 accounts
for a (R, S) inventory system with supply chain disruptions
that follow a two-state supply process and stochastic demand
that is independent and normally distributed.

Eyaste(g,0,R.S)

E[no. of drugs wasted per cycle] (B.7)

"~ E[no. of drugs ordered in a cycle]

C Numerical analysis: additional data

We proceed to present the weekly demand data for the four
other 503B drugs of interest presented in Section 5.4 of
the numerical analysis: Avastin, Oxytocin, Cefazolin, Nore-
pinephrine (in Section C.1).

C.1 Weekly demand data for the other 503B drugs
of interest

We present the weekly demand data for the four other 503B
drugs of interest: Avastin 1.25mg/0.05mL (chemotherapy

Weekly Demand vs Day in the Planning Horizon
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(c) Cefazolin.

with several indications; see Fig. 9(a)), Oxytocin 30 units/500
mL (induction of labor; see Fig. 9(b)), Cefazolin 2gm/100mL
(antibiotic; see Fig. 9(c)), Norepinephrine 16 mg/250mL
(vasopressor used to increase blood pressure; see Fig. 9(d)).
The red lines in the figures denote the corresponding mean
weekly demand that minimizes the sum of squared errors for
the daily demand data. For Avastin, Oxytocin, and Cefazolin,
we consider two mean weekly demand values and for Nore-
pinephrine, we consider three mean weekly demand values.

D Future research: substitute medications

An area for future research is incorporating the relationship
between substitute medications and demand disruptions into
the adaptive inventory system. We proceed to present an anal-
ysis for motivation.

We first consider the 503B medication Rocuronium
10mg/1mL (i.e., Rocuronium (503B); see Section 5.1). If
this 503B medication is not available, pharmacists will pre-
scribe the non-503B medication Rocuronium 10mg/1mL vial
(i.e., Substitute for Rocuronium (503B)). We second consider

Weekly Demand vs Day in the Planning Horizon
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(d) Norepinephrine.

Fig.9 Weekly demand versus day in the planning horizon. We remove the weekly demand values on the y-axis for data confidentiality
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Fig. 10 Weekly demand versus calendar date. Numerical values are removed on the y-axis for data confidentiality

the 503B medication Labetalol Smg/ImL (i.e., Labetalol
(503B); see Section 5.1). If this 503B medication is not avail-
able, pharmacists will prescribe Labetalol Smg/mL injection
carpuject syringe (i.e., Substitute for Labetalol (503B) - 1) or
Labetalol 5Smg/mL - 20 mL vial (i.e., Substitute for Labetalol
(503B) - 2). Through discussions with our hospital phar-
macy collaborators, beyond the substitutes described for each
503B medication, there are not great substitute medications
because other medications in these classes have different clin-
ical implications and concerns.

Using the real-world demand data provided by the Univer-
sity of Michigan’s Central Pharmacy, we provide the weekly
demand for Rocuronium (see Fig. 10(a)) and Labetalol (see
Fig. 10(b)) from October 1, 2019 - November 22, 2021. We
note that through discussions with our hospital pharmacy col-
laborators, the demand disruptions for Rocuronium (503B)
and Labetalol (503B) are a result of changes in the patient
population during the Covid-19 pandemic. When focusing
on Labetalol (see Fig. 10(b)), we find that as the demand for
Labetalol (503B) decreases, the demand for Substitute for
Labetalol (503B) - 1 increases suggesting that changes in the
patient population for the primary medication may influence
the demand for the substitute medication.

Acknowledgements The research team would like to thank the Central
Pharmacy at the University of Michigan for providing pharmaceutical
drug data for the numerical analysis. We would like to thank Christine
Betts (University of Michigan Health Pharmacy Services) for providing
access to the data. We would also like to thank Jun Li (University of
Michigan Ross School of Business) for the helpful discussions on the
model and Nicole Mor (University of Michigan) for the helpful literature
searches. The research team would also like to thank the associate editor
and two anonymous reviewers for their feedback on the paper.

Funding The first author was supported by the National Science Foun-
dation Research Fellowship Program [Grant DGE 1841052].

@ Springer

Availability of Data and Materials Due to confidentiality and privacy
concerns, the demand data provided by the Central Pharmacy at the
University of Michigan are not publicly available.

Declarations

Competing Interests The authors do not have non-financial conflicts
of interest to disclose. For financial conflicts of interest, the first author
was supported by the National Science Foundation Research Fellowship
Program under Grant DGE 1841052.

Compliance with Ethical Standards This study has been exempt from
the requirement for approval by an institutional review board because
the research does not include human participants. The demand data used
in this research does not include patient information.

References

1. Snyder LV, AtanZ, Peng P, Rong Y, Schmitt AJ, Sinsoysal B (2016)
OR/MS models for supply chain disruptions: a review. IIE Trans
48(2):89-109

2. Aronson JK, Heneghan C, Ferner RE (2023) Drug shortages. part
2: Trends, causes and solutions. Br J Clin Pharmacol 89(10):2957—
2963

3. TuckerEL, Cao Y, Fox ER, Sweet BV (2020) The drug shortage era:
A scoping review of the literature 2001-2019. Clin Pharm Therap
108(6):1150-1155

4. Yang YT, Socal M, Bennett CL (2024) Addressing the drug-
shortage crisis in oncology. JAMA Oncol 10(2):155-156

5. National Academies of Sciences, Engineering, & and Medicine
(NASEM) (2022) Building resilience into the nation’s medical
product supply chains. The National Academies Press, Washing-
ton, DC

6. Kim KC, Rothenberger SD, Tadrous M, Hernandez I, Gellad WF,
Devine JW, . .. Suda KJ (2024) Drug shortages prior to and during
the covid-19 pandemic. JAMA Netw Open 7(4)

7. Phuong JM, Penm J, Chaar, B, Oldfield, LD, Moles, R (2019) The
impacts of medication shortages on patient outcomes: a scoping
review. PLoS ONE 14(5):1-17



The benefits (or detriments) of adapting...

8.

10.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

217.

28.

29.

30.

Paul SK, Sarker R, Essam D (2016) Managing risk and disruption
in productioninventory and supply chain systems: a review. J Ind
Manag Optim 12(3):1009-1029

Shen B, Li Q (2017) Market disruptions in supply chains: a review
of operational models. Int Trans Oper Res 24(4):697-711

Ivanov D, Dolgui A, Sokolov B, Ivanova M (2017) Literature
review on disruption recovery in the supply chain. Int J Prod Res
55(20):6158-6174

. Zhang X, Meiser D, Liu Y, Bonner B, Lin L (2014) Kroger uses

simulation-optimization to improve pharmacy inventory manage-
ment. Interfaces 44(1):70-84

Little J, Coughlan B (2008) Optimal inventory policy within hos-
pital space constraints. Health Care Manage Sci 11(2):177-183
Neve BV, Schmidt CP (2022) Point-of-use hospital inventory man-
agement with inaccurate usage capture. Health Care Manage Sci
25(1):126-145

Peterson R, Thomas J, Loiseau A (1972) Operational inventory
control with stochastic, seasonal demand. Infor 10(1):81-93

Kim CO, Jun J, Baek JK, Smith RL, Kim YD (2005) Adaptive
inventory control models for supply chain management. Int J Adv
Manuf Technol 26:1184-1192

Eilon S, Elmaleh J (1970) Adaptive limits in inventory control.
Manage Sci 16(8):B533-B548

Dillon M, Oliveira F, Abbasi B (2017) A two-stage stochastic pro-
gramming model for inventory management in the blood supply
chain. Int J Prod Econ 187:27-41

Kara A, Dogan I (2018) Reinforcement learning approaches
for specifying ordering policies of perishable inventory systems.
Expert Syst Appl 91:150-158

Rajendran S, Srinivas S (2020) Hybrid ordering policies for platelet
inventory management under demand uncertainty. IISE Trans
Healthc Syst Eng 10(2):113-126

Syawal HA, Alfares HK (2020) Inventory optimization for multiple
perishable products with dynamic pricing, dependent stochastic
demand, and dynamic reorder policy. 2020 Proc Ind Syst Eng Conf
(ISEC) 1-5

Xu Y, Szmerekovsky J (2022) A multi-product multi-period
stochastic model for a blood supply chain considering blood
substitution and demand uncertainty. Health Care Manage Sci
25(3):441-459

Li Q, Yu P, Wu X (2016) Managing perishable inventories in retail-
ing: replenishment, clearance sales, and segregation. Oper Res
64(6):1270-1284

Li J, Liu L, Hu H, Zhao Q, Guo L (2018) An inventory model
for deteriorating drugs with stochastic lead time. Int J Environ Res
Public Health 15(12):1-20

Franco C, Alfonso-Lizarazo E (2020) Optimization under uncer-
tainty of the pharmaceutical supply chain in hospitals. Comput
Chem Eng 135:1-13

Nguyen DH, Chen H (2019) Optimization of a perishable inventory
system with both stochastic demand and supply: comparison of two
scenario approaches. Croat Oper Res Rev 10(1):175-185

Nguyen DH, Chen H (2022) An effective approach for optimization
of a perishable inventory system with uncertainty in both demand
and supply. Int Trans Oper Res 29(4):2682-2704

Azghandi R (2019) Analytic models for effective planning for
response to sudden disruptions. [Doctoral Dissertation] The
Department of Mechanical and Industrial Engineering: Northeast-
ern University 1-97

Schmitt TG, Kumar S, Stecke KE, Glover FW, Ehlen MA (2017)
Mitigating disruptions in a multi-echelon supply chain using adap-
tive ordering. Omega 68:185-198

Atan Z, Rousseau M (2016) Inventory optimization for perishables
subject to supply disruptions. Optim Lett 10:89-108

Czerniak LL, Daskin MS, Lavieri MS, Sweet BV, Leja J, Tupps
MA, Renius K (2023) Closed-form (R,S) inventory policies for

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

perishable inventory systems with supply chain disruptions. Infor
61(3):327-367

Saedi S, Kundakcioglu OE, Henry AC (2016) Mitigating the impact
of drug shortages for a healthcare facility: an inventory manage-
ment approach. Eur J Oper Res 251(1):107-123

Czerniak LL, Daskin MS, Lavieri MS, Sweet BV, Erley J, Tupps
MA (2021) Improving simulation optimization run time when solv-
ing for periodic review inventory policies in a pharmacy. Proc 2021
Winter Simul Conf, 1-12

He Y, Wang S (2012) Analysis of production-inventory system
for deteriorating items with demand disruption. Int J Prod Res
50(16):4580-4592

RanaRS, Kumar D, Mor RS, Prasad K (2021) Modelling the impact
of demand disruptions on two warehouse perishable inventory pol-
icy amid COVID-19 lockdown. Int J Logist Res Appl 1-24
Uthayakumar R, Karuppasamy SK (2019) An EOQ model for
deteriorating items with different types of time-varying demand
in healthcare industries. J Anal 27:3-18

Ivanov D (2022) Lean resilience: AURA (Active Usage of
Resilience Assets) framework for post-COVID-19 supply chain
management. Int J Logist Manag 33(4)

Gebicki M, Mooney E, Chen S-J, Mazur LM (2014) Evaluation
of hospital medication inventory policies. Health Care Manag Sci
17(3):215-229

Tucker EL, Daskin MS, Sweet BV, Hopp, WJ (2020) Incentivizing
resilient supply chain design to prevent drug shortages: policy anal-
ysis using two- and multi-stage stochastic programs. IISE Trans
52(4):394-412

Lee J, Lee HS, Shin H, Krishnan V (2021) Alleviating drug
shortages: The role of mandated reporting induced operational
transparency. Manage Sci 67(4):2326-2339

Shourabizadeh H, Kundakcioglu OE, Bozkir CDC, Tufekci MB,
Henry AC (2023) Healthcare inventory management in the pres-
ence of supply disruptions and a reliable secondary supplier. Ann
Oper Res 331(2):1149-1206

Khan SR, Kona R, Faustino PJ, Gupta A, Taylor JS, Porter
DA, Khan M (2014) United States Food and Drug Adminis-
tration and Department of Defense shelf-life extension program
of pharmaceutical products: Progress and promise. J Pharm Sci
103(5):1331-1336

Kulkarni VG (2011) Introduction to modeling and analysis of
stochastic systems. Springer New York

Snyder LV, Shen Z-JM (2019) Fundamentals of supply chain the-
ory, Ist edn. Wiley

Czerniak LL (2023) Improving operational decision-making in
hospital pharmacies in the presence of disruptions. [Doctoral
Dissertation] The Department of Industrial and Operations Engi-
neering: University of Michigan, 1-180

Jones, S. (2020). What are 503b outsourcing facilities? https:/
www.fagronsterile.com/newsroom/whatis-a-503b-compounding-
pharmacy

Jia J, Zhao H (2017) Mitigating the us drug shortages through
pareto-improving contracts. Prod Oper Manag 26(8):1463—-1480

Publisher’s Note Springer Nature remains neutral with regard to juris-
dictional claims in published maps and institutional affiliations.

Springer Nature or its licensor (e.g. a society or other partner) holds
exclusive rights to this article under a publishing agreement with the
author(s) or other rightsholder(s); author self-archiving of the accepted
manuscript version of this article is solely governed by the terms of such
publishing agreement and applicable law.

@ Springer


https://www.fagronsterile.com/newsroom/whatis-a-503b-compounding-pharmacy
https://www.fagronsterile.com/newsroom/whatis-a-503b-compounding-pharmacy
https://www.fagronsterile.com/newsroom/whatis-a-503b-compounding-pharmacy

L. L. Czerniak et al.

Authors and Affiliations

Lauren L Czerniak'® - Mariel S Lavieri' - Mark S Daskin' - Eunshin Byon' - Karl Renius? - Burgunda V Sweet3 .
Jennifer LejaZ - Matthew A Tupps?

czernL@umich.edu

Mariel S Lavieri
lavieri @umich.edu

Mark S Daskin
msdaskin @umich.edu

Eunshin Byon
ebyon@umich.edu

Karl Renius
krenius @med.umich.edu

Burgunda V Sweet
gsweet@med.umich.edu

@ Springer

B Lauren L Czerniak Jennifer Leja

jerley @med.umich.edu

Matthew A Tupps
mtupps @med.umich.edu

Department of Industrial and Operations Engineering,
University of Michigan, 1205 Beal Ave, Ann Arbor, MI
48109, USA

Michigan Medicine; Department of Pharmacy Services,
University of Michigan, 1500 East Medical Center Drive,
Ann Arbor, MI 48109, USA

College of Pharmacy, University of Michigan, 428 Church St,
Ann Arbor, MI 48109, USA


http://orcid.org/0000-0003-4379-2004

	The benefits (or detriments) of adapting to demand disruptions  in a hospital pharmacy with supply chain disruptions
	Abstract
	Highlights
	1 Introduction
	2 Literature review
	3 Adaptive (R,S) inventory system
	3.1 (R,S) inventory policies with supply chain disruptions
	3.1.1 Supply chain disruption parameters in the (R,S) model

	3.2 Adapting the (R,S) inventory policy over time
	3.2.1 Expected proportion of drug shortages and drugs wasted per day
	3.2.2 Detecting when the inventory policy needs  to be updated

	3.3 Ranking medications

	4 Simulation models
	4.1 (A) Adaptive inventory system
	4.2 (B) Adaptive inventory system with buyback
	4.3 (C) Benchmark inventory system and (D) static inventory system

	5 Numerical analysis
	5.1 Real-world data
	5.2 Shortage-waste weighting
	5.3 Model input parameters
	5.4 Medication case studies
	5.4.1 Rocuronium and labetalol case studies
	5.4.2 Other medications of interest and statistical significance

	5.5 Ranking analysis
	5.6 Additional takeaways

	6 Conclusion
	Appendix
	A The (R,S) model
	A.1 Summary of the (R,S) model

	B Proportion metrics
	B.1 Expected proportion of drug shortages
	B.2 Expected proportion of drugs wasted

	C Numerical analysis: additional data
	C.1 Weekly demand data for the other 503B drugs  of interest

	D Future research: substitute medications
	Acknowledgements
	References


